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Abstract 

Additive Manufacturing (AM) is regarded as an incredibly convenient manufacturing technique because it 

allows the construction of 3D artifacts. One of the most popular AM processes for creating functioning 

prototypes and components is fused deposition modeling (FDM). In FDM, the quality of printed 

components is greatly influenced by printing parameters settings. Studying the effect of FDM printing 

parameters on output responses is crucial in ensuring the quality of printed items. Therefore, this study 

investigates experimentally the influence of FDM printing parameters, i.e. print speed, flow rate, and 

extrusion temperature, on 3D printed Polylactic Acid (PLA) parts, considering surface roughness, 

dimensional accuracy, tensile strength, hardness, and impact strength. Dog-bone samples and impact test 

samples conforming to ASTM D638 type IV and ASTM D256 respectively were chosen for experimental 

testing. Taguchi’s L9 orthogonal array method was utilized to design the experimental runs. Analysis of 

Variance (ANOVA) was employed to assess the statistical significance of FDM printing parameters. For 

single response optimization, the Taguchi-based Signal-to-Noise (S/N) ratios were utilized. To optimize 

multiple responses, a combination of Multi-Objective Optimization on the basis of Ratio Analysis 

(MOORA) and Criteria Importance through Inter-criteria Correlation (CRITIC), along with Taguchi-based 

S/N ratios, was applied. Based on the ANOVA results, flow rate was found to be the most significant 

parameter affecting all the measured responses, whereas extrusion temperature was found to be 

insignificant for all measured responses. However, print speed was found to be significant only for surface 

roughness. The optimized 3D printing process parameters obtained for multi responses were flow rate = 

100% (level 2), print speed = 90 mm/s (level 3), and extrusion temperature = 210 (level 2). 

 

Keywords: Additive Manufacturing, Analysis of Variance (ANOVA), Fused Deposition Modeling (FDM), 

Multi-Objective Optimization based on Ratio Analysis (MOORA), Criteria Importance through Inter-

criteria Correlation (CRITIC), Taguchi Analysis. 
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Introduction 
 

The field of Additive Manufacturing (AM) is expanding quickly and offers a number of benefits over 

traditional manufacturing methods. This method involves creating the design in CAD software, printing it 

layer by layer with three-dimensional (3D) printers, and then assembling it into a finished 3D solid (Chen, 

Z. et al. 2019). Almost all AM machines work by first making a virtual solid model. Then, the data from 

that model is broken up into a chain of 2D cross-sections and forwarded to an AM machine, where it can be 

put back together layer upon layer to make the real object (Vyavahare, S. et al. 2020). AM has significantly 

streamlined the manufacturing industry by enabling the production of geometrically intricate, robust, and 

lightweight products at a reduced cost, without the need for additional tooling. This technology has seen 

extensive adoption in various sectors, including aerospace, automobile, and medical implants 

(Dehghanghadi, K.A. et al. 2018). 

 

Various AM processes construct and strengthen the layers in various ways. Each AM process varies from 

the energy used to melt the material to the technique used to deposit the layers in the printing bed. The AM 

process is divided into 7 categories according to ASTM standard F2792: sheet lamination, fused deposition 

modeling, VAT polymerization, powder bed fusion, direct energy deposition, binder jetting and material 

jetting (Ponnapalli, S. 2020). 

 

Fused Deposition Modeling (FDM), developed by Stratasys in 1989, stands out as the most common and 

straightforward technique in 3D printing technology. This method utilizes a variety of thermoplastics, 

including ABS, PLA, nylon, and their blends (Weng, Z. et al. 2016). The FDM process begins with the 

melting of a thermoplastic filament in a liquefier, exceeding its melting point, and then extruding it through 

a nozzle with a specific diameter. As the nozzle traverses, the molten filament is deposited layer by layer 

horizontally onto a heated bed (see Figure 1). The printing continues with each layer building upon the 

previous ones until the object is fully formed. Fused deposition modeling technology has evolved beyond 

its initial application for creating conceptual models and prototypes to now include the production of 

completely functional parts. The performance of printed parts is assessed based on crucial criteria, 

including surface finish, dimensional accuracy, and mechanical and physical properties of the end-use 

products (Alabdullah, F. 2016). 

 

 

 
Fig 1: Fused Deposition Modeling (FDM) method 

Source: (https://www.custompartnet.com/wu/images/rapid-prototyping/fdm.png) 

 

While AM has brought notable advantages to the manufacturing industry, there remains a significant 

challenge in achieving mechanical properties, dimensional accuracy, and surface finish comparable to 

counterparts produced as a result of traditional manufacturing approaches like plastic injection molding, 

https://www.custompartnet.com/wu/images/rapid-prototyping/fdm.png
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machining, and casting (Alabdullah, F. 2016, & Mohamed, O.A et al. 2015). Thus, gaining insight into how 

process parameters affect the dimensional accuracy, surface finish and mechanical properties of 3D printed 

components is essential since this can guide the selection of the most effective combination of process 

parameters to enhance the properties of 3D printed objects. 

 

This research study contributes practically by determining the optimal combination of FDM printing 

parameters for achieving superior mechanical strength, dimensional accuracy, and surface quality in FDM 

printed parts. By analyzing variations in flow rate, print speed, and extrusion temperature, the study offers 

insights into how these parameters impact key properties such as tensile strength, impact strength, hardness, 

dimensional accuracy, and surface quality. 

 

Literature Review 
 

This research study includes an extensive literature review on the impact of process parameters on various 

aspects of FDM printed parts, encompassing tensile strength, hardness, impact strength, surface roughness, 

and dimensional accuracy. For instance, (Sharma, K. et al. 2021) analyzed FDM produced PLA parts, 

exploring process variables (layer height, raster angle, nozzle temperature, ambient pressure) and their 

impact on dimensional accuracy using Taguchi's L9 orthogonal array. Results indicated layer height as the 

primary factor affecting accuracy, with higher nozzle temperatures decreasing accuracy due to PLA's 

increased fluidity. In a study by (Enemuoh, E. U. et al. 2021), key 3D printing parameters (layer thickness, 

infill density, print speed, infill pattern, and shell thickness) were analyzed for their impact on dimensional 

accuracy of 3D printed components with a Taguchi L27 orthogonal array. Findings highlighted layer and 

shell thicknesses as major influencers, while infill density, infill pattern, and print speed showed no 

statistically significant correlation at a 0.05 alpha level. (Aslani, K. E. et al. 2020) investigated the 

influence of key printing factors (infill density, infill pattern, extrusion temperature, and number of shells) 

on the geometrical accuracy of FDM printed objects using PLA material. Their study showed that extrusion 

temperature had the most impact on accuracy. (Tontowi, A. et al. 2017) studied PLA printed item accuracy 

using an FDM machine, focusing on layer thickness, nozzle temperature, and raster orientation. Results 

revealed raster orientation's greater impact on accuracy compared to layer thickness. 

 

Similarly, (Buj-Corral, I. et al. 2021) studied 3D printed PLA grid components made with FFF technology, 

examining factors like layer height, nozzle temperature, flow rate, and print speed. The study findings 

revealed that layer height and flow rate significantly affect surface roughness. In (Butt, J. et al. 2021) study, 

PLA and graphene-enhanced PLA materials were tested for surface roughness. They varied flow rates (70-

160%) and extrusion temperatures across four settings. Results indicate that under-extrusion (below 100% 

flow) resulted in smoother surfaces for both PLA (90%) and GPLA (80%). (Radhwan, H. et al. 2020) used 

Taguchi methodology to assess layer height, print speed, and nozzle temperature effects on surface 

roughness of FDM printed items. Results showed that surface quality is greatly impacted by layer height, 

while print speed and nozzle temperature have minimal impact. Interaction between print speed and 

temperature also had no effect on surface roughness. Another study by (Barrios, J. M., & Romero, P. E. 

2019) used Taguchi L27 orthogonal array to assess 3D printed item surface quality with five parameters 

(print speed, layer height, extrusion temperature, flow rate, and print acceleration). Flow rate and print 

acceleration were found to have the most significant impact. (Pérez, M. et al. 2018) used a cylindrical 

sample to explore 3D printing factors (layer thickness, nozzle temperature, print speed, shell thickness). 

They found that lower layer thickness improved surface finish, while extrusion temperature and print speed 

had no significant impact. (Luzanin, O. et al. 2013) examined FDM printed component surface roughness 

(Ra) concerning print speed and nozzle temperature. Print speed significantly affected Ra, while nozzle 

temperature and their interaction seemed unimportant. 

 

In the research work done by (Mehdi, M. K., & Owed, B. 2023), the tensile test was used to investigate the 

impact of infill percentage and print speed on tensile strength of 3D printed components. The test samples 

were produced based on ASTM D638 standard. Experimental results revealed that the tensile strength 
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improved as infill percentage is increased and print speed decreased. The study by (F. Yilan et al. 2023) 

concentrated on the influence of print speed, infill pattern, and infill percentage on the tensile properties of 

FDM printed specimens utilizing PLA+ material. The tensile strength of the specimens was examined 

utilizing S/N ratio analysis. The results indicated that at infill density of 100% and print speed of 40 

mm/sec, the triangle infill pattern provides the maximum tensile strength. (Pandey, D. et al. 2023) found 

that altering process parameters in FDM-printed carbon fiber-reinforced PLA affected mechanical 

properties. Raising print temperature from 225°C to 240°C increased tensile strength, with better results in 

the flat (0°) orientation. Reducing layer height also enhanced tensile strength. (Ansari, A. A., & Kamil, M. 

2021) used fused deposition modeling (FDM) to study how nozzle temperature and print speed affect the 

tensile properties of FDM printed parts. They found that higher print speed and nozzle temperature lead to 

improved tensile strength. (Farayibi, P. K., & Omiyale, B. O. 2020) examined how layer thickness, infill 

density, and extrusion temperature affect the tensile strength of 3D printed PLA parts. They found that 

higher values for these parameters enhance tensile strength. Specifically, a slight increase in infill density 

has a substantial impact. 

 

The study by (Anis, A. et al. 2022) determined optimal parameters for the production of lightweight 

components, focusing on impact strength. Nozzle temperature showed minimal impact compared to other 

factors. At 75% infill density, 80 mm/s print speed, and 240°C nozzle temperature with a grid-type pattern, 

the maximum impact strength (113.84 J/m) was attained. (Magare, N., & Harne, M. S. 2022) explored the 

effect of three FDM printing parameters (infill pattern, building orientation, and infill percentage) on the 

impact strength utilizing a Taguchi L9 orthogonal array. According to ANOVA analysis, the most 

influential process parameter was build orientation, followed by infill pattern and infill percentage. In a 

research work done by (Kamaal, M. et al. 2021), the influence of input process parameters (layer height, 

infill percentage, and build orientation) on impact strength of 3D printed samples was discovered. They 

discovered that the construction orientation and infill percentage have a substantial effect on impact 

strength. The impact strength increased as infill density was increased. (Patterson, A. E. et al. 2021) 

employed fused deposition modeling to investigate the impact strength of PLA printed parts at different 

orientations and angles. The findings revealed that the shell orientation and raster angle were the key 

determinants of impact strength, as they significantly affect the crack length and path through the object 

during fracture. 

 

In the work of (Enemuoh, E. U. et al. 2021), Taguchi L27 orthogonal array experimental design was 

employed to evaluate how five crucial parameters in the FDM process affect hardness of PLA specimens. 

Layer thickness was found to have the greatest influence, while shell thickness, infill percentage, print 

speed, and infill pattern showed no statistically significant correlation with hardness. (Maguluri, N. et al. 

2022) explored the effect of extrusion temperature, infill density, and printing speed using Taguchi‟s 

experimental design. The study found that hardness was most significantly impacted by extrusion 

temperature, followed by fill density and printing speed. It was discovered that increasing the extrusion 

temperature and fill density while decreasing the print speed raised the hardness value. Optimal printing 

conditions for hardness were identified as 100% fill density, 220°C extrusion temperature, and 20 mm/s 

printing speed. (Anis, A. et al. 2022) examined the effect of print speed, extrusion temperature, infill 

percentage, and infill pattern on the hardness of CF-reinforced PLA specimens. Print speed and extrusion 

temperature were identified as the most influential factors, with a peak hardness achieved at an extrusion 

temperature of 210°C, print speed of 40 mm/s, and 50% infill percentage for a grid pattern. (Bogrekci, I. et 

al. 2019) focused on the impact of infill pattern and density on 3D printed part hardness. Three infill 

patterns (linear, diamond, hexagonal) and five infill density values (15%, 25%, 50%, 75%, 100%) were 

studied. Results indicated that the hexagonal pattern consistently yielded optimal hardness, while the 

diamond pattern resulted in the lowest hardness values. 

 

From the literature review it was discovered that the quality, strength, and accuracy of 3D printed objects 

are affected by various materials, printing methods and printing parameters. Several authors have 

investigated the effect of various FDM printing parameters on dimensional accuracy, surface roughness, 
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and mechanical properties of 3D printed objects. However, literature on the effect of printing parameters 

like flow rate, print speed and extrusion temperature on mechanical strength, dimensional accuracy and 

surface quality of FDM printed PLA parts is still limited and not yet explored. It is important to investigate 

and figure out the effects of these FDM printing parameters on surface roughness, dimensional accuracy 

and mechanical strength of 3D printed PLA components. As 3D objects are fabricated at varying printing 

parameters, it is essential to highlight those optimal combinations of printing parameters to get optimal 

mechanical characterization, dimensional accuracy, and surface finish. 

 

Materials and Methods 
 

1) Experimental Setup 

 

In this study, the test samples were designed using AutoCAD 2019 software conforming to international 

standards ASTM D638 type IV (tensile testing) and ASTM D256 ( impact testing), as depicted in Figures 2 

and 3. A Creality Ender CR-10 S4 FDM machine (Shenzhen, China) was utilized to create these samples, 

as illustrated in Figure 4. The printer presents a sizable building volume (400 x 400 x 400 mm), having a 

layer thickness ranging from 0.1mm to 0.4mm and a standard nozzle diameter of 0.4 mm. Printing 

parameters included a heated print bed with temperatures ≤ 60℃, a nozzle temperature ≤ 250℃, and a 

printing speed of up to 180 mm/s. The material of choice for printing was PLA filament in black, with a 

diameter measuring 1.75 mm. To process the STL file, Ultimaker Cura 3.6 software was employed. Figure 

5 indicates the 3D printed specimens produced using the CR-10 S4 (FDM machine). 

 

                                               
          Fig 2: ASTM D638 type IV sample                          Fig 3: ASTM D256 sample 

 

                                  
         Fig 4: FDM machine                                           Fig 5: 3D printed samples 

 

This study focuses on three key input parameters: flow rate (%), print speed (mm/s), and extrusion 

temperature (ºC), identified from a comprehensive literature review. Each parameter is examined at three 

specified levels (Table 1), established through a review of the literature and recommendations provided by 

the tool manufacturer. Taguchi's L9 orthogonal array experimental design (Table 2) is employed to reduce 

the total number of experimental runs and determine the best printing settings for the highest possible 

outcome of the printed specimens. 
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Table 1: Factors with their levels 

Factor Unit Symbol 
Levels 

1 2 3 

Flow Rate (%) FR 80 100 120 

Print  Speed (mm/s) PS 50 70 90 

Extrusion Temperature (⁰C) ET 200 210 220 

 

 

Table 2:   L9 Orthogonal Array 

Exp. 

No 

Flow Rate 

(%) 

Print  Speed 

(mm/s) 

Extrusion 

Temperature  (⁰C) 

1 80 50 200 

2 80 70 210 

3 80 90 220 

4 100 50 210 

5 100 70 220 

6 100 90 200 

7 120 50 220 

8 120 70 200 

9 120 90 210 

 

The experiments were conducted using a Taguchi L9 orthogonal array design to gather desired responses. 

Dimensional error, representing the difference between CAD model dimensions and measured dimensions 

of printed samples, was assessed. The width and thickness of impact test samples were measured using a 

"Mitutoyo MTI 500-785 Absolute Super Caliper" with a resolution of 0.01mm and accuracy of ± 0.001 

inch, as shown in Figure 6. Surface roughness on the flat top of the dog-bone sample part was assessed by a 

“Mitutoyo SJ 201” surface roughness tester following the British Standard BS ISO 4287:1997 procedure, 

depicted in Figure 7. Measurements were taken perpendicular to the direction of layer creation. The tensile 

strength of dog-bone PLA samples was assessed utilizing an “Instron Testometric Universal Testing 

Machine (Rochdale, England)”, with a test speed of 10mm/min and a 5N pretension. The equipment setup 

and test specimens pre- and post-tensile testing are illustrated in Figure 8. 

 

                              
  Fig 6: Digital vernier calliper                                    Fig 7: Roughness tester 

 

                                                  
                            Fig 8: UTM machine and tensile test samples before and after testing 
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The impact strength of FDM printed PLA specimens was determined using the “Ray-Ran Universal 

Pendulum Impact Tester”, as depicted in Figure 9, with impact hammer energies ranging from 0.5 J to 25 J. 

ASTM impact energy (J/m) was computed by dividing the impact energy (J) by specimen's thickness. The 

hardness of test samples was calculated utilizing the “echoLAB Universal Hardness Tester (Model HTU 

200BVR D)”, illustrated in Figure 10. A ball with diameter D (mm) indented the material under load L, and 

the resulting deformation diameter (d) was measured using an optical microscope. The Brinell Hardness 

Number (BHN) was then calculated by dividing the load (L) by the curved surface area (Ac) of the 

impression, as shown in Equation (1). 

 

       BHN = L / Ac = 2L / πD (D- √D2-d2)              (1) 

 

                    
            Fig 9: Universal impact tester and impact test samples before and after testing 

 

                     
              Fig 10: Universal hardness tester and hardness samples before and after testing 

 

2) Optimization of Single Response 

 

Single response is optimized using Taguchi based signal-to-noise (S/N) ratio analysis. The S/N ratio 

evaluates variation in response quality characteristics from intended values. Equation (2) gauges quality 

features with a smaller-is-better criterion when the objective function for the intended response involves 

minimization. Conversely, Equation (3) assesses quality with a larger-is-better criterion when the objective 

function for the intended response is focused on maximization. 
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Here, yi: measured value of response for experiment (i), n: total number of conducted experiments. 
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In the present work, the S/N ratio known as "smaller-is-better" decreases surface roughness and 

dimensional deviation whereas the S/N ratio known as "larger-is-better" enhances impact strength, tensile 

strength, and hardness. 

 

3) Optimization of Multiple Responses using MOORA Method 

 

Multi-objective optimization is a helpful technique to choose the ideal set of printing settings in AM 

processes. An individual response may be optimized utilizing Taguchi based S/N ratios approach. We have 

concentrated on multi-responses in this research work; hence the multi-objective optimization based on 

ratio analysis (MOORA) approach was chosen to cope with such a challenge. Following are the steps being 

used for MOORA in this study, which were adapted from the work of (Abas, M. et al. 2020): 

 

Step 1: The S/N ratios of the observed responses are used to generate the decision matrix of order m × n. 

The number of responses is presented in columns, while the rows represent experimental runs as shown in 

Equation (4). 

 

                                                      (4) 

 

Step 2: S/N ratio data is normalized applying Equation (5). 

 

                                                                                  (5) 

 

Here, ἡij represents a dimensionless number. Normalized value lies within interval [-1, 1]. 

 

Step 3: Equation (6) is used to compute the weighted normalized decision matrix of S/N ratio data. 

  

                                ,                                               (6) 

 

Where, wj: weight of j
th

 response 

 

Step 4: For multi-response optimization with conflicting objective functions, weighted normalized 

assessment values were computed by Equation (7). When the responses share same objective functions, 

Equation (7) can be simplified to Equation (8). 

 

                                   ,                 (7) 

                                                                                   (8) 

 

Step 5: The greatest „zi‟ value is used to rank the experimental runs. 
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Step 6: Finally, optimum levels are determined by calculating the average values of „Zi‟ for each variable at 

every level; higher average values are indicative of the best level. 

 

4) Determination of weight of responses using CRITIC 
 

It is critical to determine the weights of criteria in multi-criterion decision method (MCDM). Criteria 

importance through inter-criteria correlation (CRITIC) is an effective method for weight determination 

because it takes both conflict and contrast into consideration. Following is the process used to calculate the 

response weights using CRITIC which were adapted from the work of (Abas, M. et al. 2020): 

 

Step 1: According to the objective function, the measured response is normalized. Equation (9) is used for 

objective function minimization (cost criteria) and Equation (10) for maximization (benefit criteria). 

                                   ,  ,  
             (9) 

                                    

            (10) 

 

Step 2: Equation (11) is used to determine the relationship between the responses. 

 

                                ,    

     ,  

 

                        (11) 

Step 3: Compute the degree of conflict between responses utilizing Equation (12). 

 

                                   
                                           

                                                       (12) 

Step 4: Use Equation (13) to calculate the standard deviation, which displays the degree of contrast 

between responses. 

 

 

 

 

              (13) 

Step 5: Equation (14) is used to determine how much information is released when conflict and contrast are 

combined. This illustrates the comparative significance of responses (weights), where higher values of 'j' 

indicate greater importance. 

 

 

 

Step 6: Ultimately, the normalized response weights are calculated by applying Equation (15). 
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Results and Discussion 
 

(1) Experimental Results 

 

This study examines the impact of FDM process parameters (print speed, flow rate, and extrusion 

temperature) on key properties of FDM printed PLA parts. Tensile strength, hardness, impact strength, 

surface roughness, and dimensional accuracy were assessed applying Taguchi‟s L9 orthogonal array 

design. The obtained results are presented in Table 3. 

 

Table 3: Experimental results obtained for responses based on Taguchi L9 design 

Exp. 

No 

Tensile 

Strength

(MPa) 

Impact 

Strength 

(J/m) 

Hardnes

s (BHN) 

Surface 

Roughness 

(µm) 

Length 

Deviation 

(%) 

Width 

Deviation 

(%) 

1 11.56 19.51 6.86 10.22 0.35 0.85 

2 25.27 22.52 7.87 9.09 0.23 0.69 

3 29.99 24.20 9.20 11.38 0.17 0.51 

4 51.40 39.22 11.51 6.41 0.56 0.30 

5 40.79 42.52 13.95 3.94 0.49 0.49 

6 47.37 37.53 9.08 5.61 0.32 0.24 

7 54.40 58.70 18.43 14.72 0.80 2.12 

8 51.68 55.73 13.21 13.68 0.60 1.28 

9 62.95 39.10 16.39 21.56 0.76 1.40 

 

(2) Probability Plots 

 

The probability plots and Anderson-Darling (AD) test were used to examine the distribution of the 

experimental data. Figure 11 displays plots drawn with 95% of confidence interval using Minitab V19 

software. These plots indicate that all observed response data remain close to the center fixed line, 

supporting the assumption that the data have normal distributions. A test known as Anderson-Darling (AD) 

test, assessing data adherence to a normal distribution relies on the test statistics value and p-value to 

determine whether to accept or reject the null hypothesis. Figure 11 showing low AD test statistics values 

and p-values exceeding 0.05 for each response confirm that the collected data conforms to a normal 

distribution. This validation supports the utilization of the data for subsequent experimental analysis and 

optimization. 

 

 

                           
                                  (a)                                                (b)                                               (c)      
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                                  (d)                                                 (e)                                               (f) 

Fig 11: Probability plots (a) Tensile Strength (b) Impact Strength (c) Hardness  (d) Surface Roughness (e) 

Length Deviation (f) Width Deviation 

 

(3) Analysis of Variance (ANOVA) 

 

An analysis of variance (ANOVA) was conducted with a 95% confidence interval using Minitab V19 

software to examine the impact of FDM printing process parameters on performance characteristics. Table 

4 displays the results of ANOVA for ultimate tensile strength. It indicates that flow rate significantly 

affects tensile strength (p-value < 0.05), with a leading contribution of approximately 75%. Print speed and 

extrusion temperature are deemed insignificant. For impact strength (Table 5), feed rate emerges as the 

most significant factor, contributing 89.38%, while extrusion temperature and print speed show minimal 

impact. Hardness (Table 6) is most influenced by flow rate and print speed, with a major contribution from 

flow rate (79.50%). Extrusion temperature is found insignificant. Surface roughness (Table 7) is 

considerably influenced by flow rate, followed by print speed and extrusion temperature, with contributions 

of 82%, 14.09%, and 3.30%, respectively. Table 8 and 9 show the results of ANOVA for length deviation 

and width deviation respectively. The ANOVA results of Table 8 and Table 9 show that length and width 

deviations are significantly affected by flow rate, with higher percentages for length (79%) and width 

(74.02%). Print speed and extrusion temperature have minor contributions. 

 

In summary, flow rate consistently emerges as a significant factor across multiple performance 

characteristics, showcasing its crucial role of judging quality of specimens produced by 3D printing. Print 

speed and extrusion temperature, while less impactful, should not be entirely ignored. 

 

Table 4: ANOVA for Ultimate Tensile Strength 

Source DF Adj SS Adj MS F-Value p-Value % Contribution 

FR 2 127.95 63.97 9.35 0.048* 75.0 % 

PS 2 13.02 6.51 0.95 0.512 7.63 % 

ET 2 15.92 7.96 1.16 0.462 9.33 % 

Error 2 13.69 6.84    
Total 8 170.58     

 

Table 5: ANOVA for Impact Strength 

Source DF Adj SS Adj MS F-Value p-Value % Contribution 

FR 2 82.48 41.24 23.22 0.041* 89.38 % 

PS 2 2.10 1.05 0.59 0.628 2.27 % 

ET 2 4.14 2.07 1.17 0.462 4.48 % 

Error 2 3.55 1.78    

Total 8 92.28     
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Table 6: ANOVA for Hardness 

Source DF Adj SS Adj MS F-Value p-Value % Contribution 

FR 2 54.61 27.30 26.66 0.036* 79.50 % 

PS 2 2.28 1.14 1.11 0.474 3.31 % 

ET 2 14.08 4.88 7.04 0.174 14.19 % 

Error 2 2.05 1.03    

Total 8 73.02     

 

Table 7: ANOVA for Surface Roughness 

Source DF Adj SS Adj MS F-Value p-Value % Contribution 

FR 2 138.77 69.39 135.93 0.007* 82.00 % 

PS 2 23.85 11.93 23.58 0.046* 14.09 % 

ET 2 5.58 2.79 5.48 0.154 3.30 % 

Error 2 1.02 0.51    

Total 8 169.22     

 

Table 8: ANOVA for Length Deviation 

Source DF Adj SS Adj MS F-Value p-Value % Contribution 

FR 2 136.32 68.16 12.39 0.041* 78.98 % 

PS 2 22.85 11.43 2.08 0.325 13.24 % 

ET 2 2.43 1.21 0.22 0.819 1.40 % 

Error 2 11.06 5.50    

Total 8 172.60     

 

Table 9: ANOVA for Width Deviation 

Source DF Adj SS Adj MS F-Value p-Value % Contribution 

FR 2 240.02 120.01 18.39 0.034* 74.02 % 

PS 2 43.67 21.83 3.17 0.289 15.16 % 

ET 2 25.34 12.67 1.22 0.476 9.44 % 

Error 2 4.06 2.03    

Total 8 313.09     

 

DF: Degree of freedom, Adj SS: Adjusted sum of square, Adj MS: Adjusted mean square, * significant 

FR: Flow rate, PS: Printing speed, ET: Extrusion temperature 

 

(4) Optimization of Individual Responses 

 

(i) Main Effect Plots for Mean of S/N Ratios 

 

The Taguchi-based signal-to-noise (S/N) ratios analysis is used to optimize each individual response. 

Maximization is the main goal for impact strength, hardness, and ultimate tensile strength. So the quality 

characteristic function „larger-the-better‟ using Equation (2) is employed to all the above responses. On the 

other hand, minimization is the main goal function for surface roughness and dimensional deviations. So 

the quality characteristic function „smaller-the-better‟ using Equation (3) is employed to the above 

responses. Higher S/N ratio values, regardless of quality features, indicate the highest response 

performance in relation to intended experiment. 
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Table 10 displays S/N ratios calculated for individual responses using Minitab V19 software. The ultimate 

tensile strength achieves its highest S/N ratio at experimental run nine (flow rate and print speed at level 

three, extrusion temperature at level two).  

 

Impact strength and hardness obtain their peak S/N ratios at experimental run seven (flow rate and 

extrusion temperature at level three, print speed at level one). For surface roughness, experimental run five 

(flow rate and print speed at level two, and extrusion temperature at level three) yields the highest S/N 

ratio. Length deviation reaches its maximum S/N ratio at experimental run three (flow rate at level one, 

print speed and extrusion temperature at level three), while width deviation achieves its peak S/N ratio at 

experimental run six (flow rate at level two, print speed at level three, extrusion temperature having level 

one). 

 

The mean values of the S/N ratios were calculated for every factor across various levels. The optimal 

conditions are indicated by higher mean values of the S/N ratios. Figure 12 presents main effect plots 

illustrating the mean values of the S/N ratios for measured responses. In Figure 12(a), optimal levels for 

ultimate tensile strength include flow rate at level three (120%), print speed at level three (90 mm/s), and 

extrusion temperature at level two (210°C).  

 

Similarly, for impact strength, optimal levels comprise flow rate at level three (120%), print speed at level 

two (70 mm/s), and extrusion temperature at level three (220°C) as shown in Figure 12 (b). Hardness, as 

depicted in Figure 12(c), achieves optimal values at flow rate level three (120%), print speed level one (50 

mm/s), and extrusion temperature level three (220°C).  

 

Figure 12(d) indicates that surface roughness attains optimal levels with flow rate at level two (100%), print 

speed at level two (70 mm/s), and extrusion temperature at level three (220°C). Length deviation is 

optimized at flow rate level one (80%), print speed level three (90 mm/s), and extrusion temperature level 

three (220°C) as shown in Figure 12 (e). Finally, for width deviation (Figure 12(f)), optimal conditions 

include flow rate at level two (100%), print speed at level three (90 mm/s), and extrusion temperature at 

level one (200°C) as shown in Figure 12 (f). 

 

Table 10: S/N ratio values of measured responses 

Exp. 

No 
UTS IS BHN SR LD WD 

1 21.259 25.805 16.727 -20.189 9.1186 1.4116 

2 28.052 27.051 17.919 -19.171 12.765 3.2230 

3 29.539 27.676 19.276 -21.123 15.391 5.8486 

4 34.219 31.870 21.222 -16.137 5.0362 10.458 

5 32.211 32.572 22.892 -11.910 6.1961 6.1961 

6 33.510 31.488 19.162 -14.980 9.8970 12.396 

7 34.712 35.373 25.311 -23.358 1.9382 -6.5267 

8 34.266 34.922 22.418 -22.722 4.4370 -2.1442 

9 35.980 31.844 24.292 -26.673 2.3837 -2.9226 

 

UTS: Ultimate Tensile Strength, IS:  Impact Strength, BHN: Brinnel Hardness Number, SR: Surface 

Roughness, LD: Length Deviation, WD: Width Deviation 
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                  (a)                                                  (b)                                                  (c)  

                  
                   (d)                                                  (e)                                                  (f)  

Figure 12: Main effect plots for means of S/N ratio (a) Tensile Strength (b) Impact Strength (c) Hardness 

(d) Surface Roughness (e) Length Deviation (f) Width Deviation 

 

(ii) Main Effect Plots for Mean of Means 

 

The impact of FDM printing parameters on observed responses is analyzed using main effect plots of 

means, as illustrated in Figure 13. In Figure 13(a), the ultimate tensile strength rises with increasing flow 

rate (80% to 120%) and print speed (50 mm/s to 90 mm/s). Initially, it increases with extrusion temperature 

from 200°C to 210°C, followed by a decrease from 210°C to 220°C.  

 

In Figure 13(b), the impact strength rises with an increasing flow rate from low level to a high level (80% 

to 120%). Initially, it ascends with a rise in print speed from 50 mm/s to 70 mm/s, followed by a decline 

from 70 mm/s to 90 mm/s. Furthermore, the impact strength decreases initially with an elevation in 

extrusion temperature from 200°C to 210°C, and then it increases with a further rise from 210°C to 220°C. 

Figure 13(c) depicts that the hardness initially decreases with an elevated flow rate and print speed (80% to 

100% and 50 mm/s to 70 mm/s) and subsequently increases with a further increase in flow rate and print 

speed (100% to 120% and 70 mm/s to 90 mm/s). Moreover, hardness initially increases with a rise in 

extrusion temperature from 200°C to 210°C, and then it decreases with a further increase from 210°C to 

220°C.  

 

In Figure 13 (d), the surface roughness rises with an increasing flow rate and extrusion temperature (80% to 

120%, and 200°C to 220°C). Conversely, it declines with elevation in print speed from 50 mm/s to 90 

mm/s. Figure 13 (e) denotes that the length deviation increases with increasing flow rate from 80% to 

120% but decreases with increasing print speed from 50 mm/s to 90 mm/s.  

 

Moreover, there is an initial rise in length deviation when the extrusion temperature changes from 200°C to 

210°C, followed by a subsequent decline with a further increase from 210°C to 220°C. Figure 13(f) reveals 

an initial reduction in width deviation with an increased flow rate from 80% to 100%, followed by a 

subsequent increase from 100% to 120%. On the other hand, width deviation decreases as the print speed 

rises from 50 mm/s to 90 mm/s, whereas it increases with a rise in extrusion temperature from 200°C to 

220°C. 
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                               (a)                                                (b)                                                 (c) 

                   
                               (d)                                                (e)                                                  (f) 

Figure 13: Main effect plots for mean of means (a) Tensile Strength (b) Impact Strength (c) Hardness (d) 

Surface Roughness (e) Length Deviation (f) Width Deviation 

 

(5) Multi-Response Optimization 

 

(i) Calculating Weights of Responses using CRTIC Technique 

 

The optimization methodology, described in the methodology section, employs an algorithm for multi-

response optimization. In this study, response weights are determined through the CRTIC technique. 

Initially, responses from Table 3 undergo normalization via Equations (9) and (10). Table 11 presents the 

normalized values. Subsequently, correlation between every response is calculated using Equation (11), 

presented in Table 12. To determine the degree of contrast and conflict among responses, Equations (12) & 

(13) were applied. Table 13 illustrates the outcomes. Weights reflecting the relative importance of 

responses were derived by Equation (14), and the ultimate normalized weights for each response were 

calculated applying Equation (15), as depicted in Table 13. 

 

Table 11: Normalized values of responses 

S.No. UTS IS BHN SR LD WD 

1 1.000 1.000 1.000 0.356 0.286 0.324 

2 0.733 0.923 0.913 0.292 0.095 0.239 

3 0.641 0.880 0.798 0.422 0.000 0.144 

4 0.225 0.497 0.598 0.140 0.619 0.032 

5 0.431 0.413 0.387 0.000 0.508 0.133 

6 0.303 0.540 0.808 0.095 0.238 0.000 

7 0.166 0.000 0.000 0.612 1.000 1.000 

8 0.219 0.076 0.451 0.553 0.683 0.553 

9 0.000 0.500 0.176 1.000 0.937 0.617 
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Table 12: Correlation between responses 

Correlation 

 
UTS IS BHN SR LD WD 

UTS 1.000 0.792 0.806 -0.393 -0.772 -0.374 

IS 0.792 1.000 0.833 -0.231 -0.797 -0.582 

BHN 0.806 0.833 1.000 -0.512 -0.905 -0.721 

SR -0.393 -0.231 -0.512 1.000 0.548 0.757 

LD -0.772 -0.797 -0.905 0.548 1.000 0.731 

WD -0.374 -0.582 -0.721 0.757 0.731 1.000 

 

Table 13: Additional parameters in CRITIC analysis 

 UTS IS BHN SR LD WD 

Degree of conflict 4.940 4.984 5.500 4.831 6.195 5.189 

Degree of contrast 0.319 0.354 0.343 0.308 0.356 0.328 

Weights 1.578 1.763 1.884 1.490 2.206 1.702 

Normalized weights 0.149 0.166 0.177 0.140 0.208 0.160 

Priority 5 3 2 6 1 4 

 

(ii) Multi-Response Optimization using MOORA Method 

 

The MOORA method is implemented through a series of steps. Firstly, a 9 × 6 decision matrix 

(representing experimental runs × number of responses) is created. This matrix is obtained by calculating 

S/N ratios for individual responses using Equations (2) and (3), as represented in Table 10. Normalization 

of the S/N ratios was accomplished through the application of Equation (5) to standardize the responses. 

The resultant dimensionless values are documented in Table 14. Calculation of the weighted normalized 

decision matrix for responses was carried out using Equation (6), and the results are displayed in Table 15. 

To identify the most suitable experimental run for the combined multi-response, we calculated weighted 

normalized assessment values utilizing Equations (7) and (8). Table 16 depicts the calculated weighted 

normalized assessment values alongside their respective rankings. It reveals the optimal combination of 

FDM printing parameters for simultaneous minimization of responses in experimental run six, exhibiting 

the highest weighted normalized assessment value of 0.071. This combination is ranked first and involves a 

flow rate at level two (100%), print speed at level three (90 mm/s), and extrusion temperature at level one 

(200°C).  

 

Table 14: S/N ratios normalization 

Exp. No UTS IS BHN SR LD WD 

1 0.0866 0.1631 0.1843 0.2864 0.2242 0.2696 

2 0.1893 0.1883 0.2114 0.2547 0.1473 0.2189 

3 0.2247 0.2023 0.2471 0.3189 0.1089 0.1618 

4 0.3851 0.3279 0.3092 0.1796 0.3587 0.0952 

5 0.3056 0.3555 0.3747 0.1104 0.3138 0.1554 

6 0.3549 0.3137 0.2439 0.1572 0.2049 0.0761 

7 0.4076 0.4907 0.4950 0.4125 0.5124 0.6725 

8 0.3872 0.4659 0.3548 0.3834 0.3843 0.4060 

9 0.4716 0.3269 0.4403 0.6042 0.4867 0.4441 
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Table 15: Weighted normalized decision matrix of responses 

 

 

 

 

   

 

 

 

 

 

 

 

 

 

 

Table 16: Normalized assessment values with their rankings 

Exp. No Normalized Assessment Values Rank 

1 -0.057 9 

2 -0.005 6 

3 0.018 4 

4 0.052 3 

5 0.065 2 

6 0.071 1 

7 -0.042 7 

8 -0.001 5 

9 -0.055 8 

 

The weighted normalized assessment values are averaged for each parameter at every level to get the final 

optimized levels; highest average values are indicative of the best level (see Table 17). The resulting 

optimal levels for multi-response are as follows: flow rate at level two (100%), print speed at level three 

(90 mm/s), and extrusion temperature at level two (210°C). Moreover, as depicted in Table 17 and inferred 

from the delta values, the flow rate exhibits the most prominent influence, succeeded by print speed and 

extrusion temperature. 

 

Table 17: Final optimized levels 

Factors 
Levels 

Optimal Levels Delta Rank 
1 2 3 

Flow rate -0.0147 0.0627 -0.0162 2 0.0773 1 

Print speed -0.0157 0.0197 0.0278 3 0.0353 2 

Extrusion Temperature 0.0043 0.0138 0.0137 2 0.0095 3 

 

(6) Limitations of the Study 

 

1. Limited Parameter Range: The study investigates the effects of flow rate, print speed, and extrusion 

temperature within specific ranges (flow rate between 80% and 120%, print speed between 50 mm/s and 90 

Exp. No UTS IS BHN SR LD WD 

1 0.0129 0.0271 0.0327 0.0402 0.0466 0.0432 

2 0.0281 0.0312 0.0375 0.0357 0.0306 0.0351 

3 0.0334 0.0336 0.0438 0.0447 0.0226 0.0259 

4 0.0572 0.0544 0.0548 0.0252 0.0745 0.0152 

5 0.0454 0.0590 0.0665 0.0155 0.0652 0.0249 

6 0.0527 0.0521 0.0433 0.0221 0.0426 0.0122 

7 0.0605 0.0814 0.0878 0.0579 0.1064 0.1077 

8 0.0575 0.0773 0.0629 0.0538 0.0798 0.0650 

9 0.0701 0.0542 0.0781 0.0847 0.1011 0.0711 
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mm/s, and extrusion temperature between 100°C and 120°C). However, variations beyond these ranges 

could yield different results, potentially affecting the generalizability of findings. 

 

2. Specific Material: The research focuses solely on PLA as the printing material; the findings of this 

study may not be directly transferable to other filament materials, each of which may exhibit unique 

responses to printing parameters. 

 

3. Specific Printer: The study utilizes a specific 3D printer model, "Creality Ender LS-10 S4," for sample 

printing. Results may be influenced by the characteristics and capabilities of this particular printer, 

potentially limiting the applicability of findings to other printer models. 

 

4. Fixed Parameters: Certain parameters, such as bed temperature, layer height, infill density, infill 

pattern, build orientation etc., are kept constant throughout the study. While this ensures consistency in 

experimental conditions, variations in these parameters could potentially yield different results, warranting 

further investigation. 

 

Conclusions 
 

This study systematically investigated the impact of FDM process parameters (print speed, flow rate, and 

extrusion temperature) on key properties of 3D printed Polylactic Acid (PLA) components, including 

tensile strength, impact strength, hardness, surface roughness, and dimensional accuracy. Employing 

Taguchi's L9 orthogonal array, specimens were fabricated and tested, yielding the following conclusion: 

 

 The optimum levels for ultimate tensile strength are: flow rate at level three (120 %), print speed at 

level three (90 mm/s), and extrusion temperature at level two (210°C). 

 

 For impact strength, the optimum levels are found as: flow rate at level three (120 %), print speed at 

level two (70 mm/s), and extrusion temperature at level three (220°C).  

 

 The optimum levels for hardness are: flow rate at level three (120 %), print speed at level one (50 

mm/s), and extrusion temperature at level three (220°C).  

 

 The surface roughness has optimum levels as: flow rate at level two (100 %), print speed at level two 

(70 mm/s), and extrusion temperature at level three (220°C).  

 

 For length deviation, the optimum levels are found as: flow rate at level one (80 %), print speed at 

level three (90 mm/s), and extrusion temperature at level three (220°C).  

 

 For width deviation, the optimum levels are as: flow rate at level two (100 %), print speed at level 

three (90 mm/s), and extrusion temperature at level one (200°C). 

 

 Based on the ANOVA results, flow rate consistently emerges as a significant factor across multiple 

performance characteristics, showcasing its crucial role in assessing the quality of specimens produced 

by FDM printing. Print speed and extrusion temperature, while less impactful, should not be entirely 

ignored.  

 

 The final optimized FDM process parameters obtained for multi responses using MOORA and 

CRITIC are flow rate = 100% (level 2), print speed = 90 mm/s (level 3), and extrusion temperature = 

210 (level 2). 
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The findings of this study offer valuable insights for manufacturers and researchers in the field of additive 

manufacturing, particularly those utilizing FDM technology. By identifying optimal parameter settings for 

enhancing various properties of printed components, the product quality and performance can be improved.  

 

For future research, it is advised to explore more than three levels for each FDM printing parameter and 

consider employing higher-level orthogonal array designs like L16 or L27. These approaches can offer 

deeper insights into the complex interactions between printing parameters and improve the optimization of 

FDM printing processes for enhanced performance of 3D printed components. Furthermore, for multi-

objective optimization, other multi-response optimization techniques such as the Taguchi grey relational 

analysis, composite desirability function, S/N ratios coupled with grey relational analysis, and Taguchi S/N 

ratios coupled with TOPSIS can be utilized. 
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