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Abstract: The present study investigated the Strength-to-Mass ratio (StMr) yielded by Acrylonitrile Butadiene Styrene (ABS) 

specimens, fabricated with the Fused Filament Fabrication (FFF) method. A universal testing machine was utilized for the 

Ultimate-Tensile-Strength (UTS) measurement of the specimens, whereas a precision balance was used to measure their 

mass. The experiments were designed according to the Central-Composite-Design (CCD), by considering four process 

parameters: the infill, the layer thickness, the line direction of the top and bottom layers, as well as the pattern. In addition, a 

shallow Artificial Neural Network (ANN) was developed to predict the StMr, which was then compared to the empirical 

model generated by the CCD method. The analysis revealed a strong correlation between the two models, with the Mean 

Absolute Percentage Error (MAPE) being below 1%. Finally, verification testing was performed to evaluate the absolute 

error handling of the ANN model, which was found to be <6%.  

Key words: 3D printing; ABS; Artificial neural network; Central composite design; Fused Deposition Modeling; Strength to 

mass ratio. 

 

1. INTRODUCTION  
 

Fused Filament Fabrication (FFF) is one of the latest manufacturing processes available in the industry, being 

used for modelling, prototyping and production applications. By having advantages such as the ability to produce 

strong and at the same time lightweight parts, as well as the fact that it is one of the most environmentally friendly 

processes, FFF has gained increased popularity among the research community. The Acrylonitrile Butadiene 

Styrene (ABS) is one of the most frequently used polymers in industry. In specific, it is used for the production 

of automotive parts, protective gear, toys, small appliances components, as well as enclosures for electrical and 

electronic assemblies. 

Samykano et al. [1] presented a work on the mechanical properties’ evaluation in terms of three printing 

parameters on the ABS polymer. Moreover, the authors have investigated their effect on the studied properties by 

utilizing a Design of Experiments (DOE) and statistical methods. Similarly, Ouhsti et al. [2] worked on the 

Polylactic Acid (PLA) plastic by employing the Central Composite Design (CCD) to plan the experiments with 

three factors. An investigation was made to assess the parameters influence on typical mechanical properties of 

the PLA, as well as an empirical modeling process was performed. Moradi et al. [3] employed the Response 

Surface Methodology (RSM) to evaluate three printing parameters during the FFF of an upgraded version of ABS. 

The study focused on the development of a statistical model for typical outputs such as the tensile strength and 

the fracture strain. Another study with similar features is the one by Shafahat [4], which studied the tensile testing 

of PLA under three printing parameters, in addition to the strain rate. The Taguchi method was selected to plan 

the experiments and the desirability index was used for the characterization of the mechanical properties such as 

the yield strength, toughness and elastic modulus. Studies that relate to other 3D-printed materials such as carbon-

fibre [5] and Acrylonitrile Styrene Acrylate (ASA) [6], as well as different testing methods such as bending [7] 

and impact [8], rely on similar research methodologies and investigation tools [9,10].  

It is evident that several studies in the past few years, focus on the investigation of three parameters with respect 

to typical mechanical characteristics such as the tensile strength and the strain, by utilizing statistical tools. In the 

light of the above, this paper investigates the effects of four structural 3D-printing parameters on the Strength-to-

Mass ratio (StMr) of ABS polymer. The StMr is a feature with increased impact on the structural efficiency of a 

specimen that has not been sufficiently studied. The layer thickness (LT), the infill density (FD), the top/bottom 

layer line direction (LD) and the infill pattern (FP), constitute the key characteristics for the structural integrity of 

a 3D-printed structure. Furthermore, a shallow ANN model was developed to approximate the specific 

characteristic under the studied range of conditions. 
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2. MATERIALS AND METHODS 

 

2.1. Study workflow 

The workflow of the present study is illustrated in Figure 1 and is based on the work by Tzotzis et al. [11]. It 

includes five steps as follows: the design of experiments according to the Central Composite Design (CCD), which 

yielded thirty-one tests. The specimen fabrication required for the tensile testing. The mass measuring of the 

fabricated specimens. The realization of the tensile experiments and finally the extraction of the output data and 

the neural network modeling. All sets of specimens used in the study (two sets of thirty-one parts each) were 

manufactured with CreatBot D600 Pro printer (Henan Creatbot Technology Limited, Zhengzhou City, China). 

Ultimaker Cura 4.20 slicing software (Ultimaker B.V., Geldermalsen, Netherlands) was used for the CAD model 

preparation. Furthermore, Table 1 presents the four printing parameters and their levels.  

 

 
Fig. 1. The study workflow 

 
Table 1.  The fabrication parameters and the corresponding levels 

Level LT (mm) FD (%) LD (°) FP 

+1 0.3 80 90 Honeycomb 

0 0.2 50 45 Triangles 

−1 0.1 20 0 Grid 

 
2.2. ANN modeling 

To approximate the behaviour of the ABS polymer during tensile loading, ANN modelling was employed. A 

typical network comprises an input layer, at least one hidden layer and an output layer. Implementation of such 

networks in manufacturing-related studies is evident in the literature over the past years [12, 13]. This fact is based 

on the benefits of this method, which can be summarized to the excellent process modelling and pattern 

recognition. Since the process modelling is the subject of the present study, the development of a shallow network 

was preferred over more complicated networks.  

The network was set according to the feedforward, backpropagation method for the minimization of the difference 
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between the actual and the net output values. For this purpose, the Damped Least Squares algorithm was utilized, 

based on the work by Levenberg-Marquardt [14]. The experimental data set was divided randomly, by employing 

the algorithm “dividerand” found in Matlab™, into three groups: one for training, one for validating and one for 

testing the developed network. 70% of the total data was used for the training of the model, 15% for the validation 

and another 15% for the testing.  

Table 2 shows the trials performed to identify the ideal network structure for the presented problem. Several 

shallow structures were tested, and the generated correlation coefficient R were compared, aiming for the highest 

value. To avoid testing an excess of networks, the minimum and maximum number of neurons were set at 6 and 

12 respectively, according to the documentation of Matlab™ [15] regarding underfitting and overfitting. 

Achieving a high R-value alone does not ensure a good modeling process. As discussed later, other parameters 

contribute to the robustness of the network as well. Before proceeding however, a high R-value is imperative since 

it conduces to the best possible degree of the polynomials, limiting both low variance and high bias. In the present 

study, all structures yielded high R-values, however, the network with six nodes generated the best R-value. 

Therefore, the 4-6-1 structure was selected for the StMr, comprising four input variables, six neurons in the hidden 

layer, and one output. Figure 2 illustrates the network structure with the three layers, used in the study. 

 
Table 2.  The network structure trials and the equivalent coefficients 

ANN structure R-value 

4-6-1 0.99335 
4-7-1 0.98195 

4-8-1 0.93415 

4-9-1 0.96663 
4-10-1 0.96532 

4-11-1 0.93841 
4-12-1 0.96964 

 

 
Fig. 2. The selected ANN structure  

 
To match the range [−1, 1] of the hyperbolic-tangent activation function, all data (input and output) were 

normalized [16]. Equation 1 can be used to estimate the normalized values ynormalized, with respect to the parameter 

value y, the ymax and the ymin, which represent the maximum and the minimum actual value of the input variable or 

output values respectively.  
 

max min

max maxmin min

2
normalized

y y
y y

y y y y

+
=  −

− −
 (1) 

 

Equation 2 represents the formula that was generated through the shallow network development and can be used 

to predict the StMr values. Each hidden neuron Hi can be computed with Equations 3 to 8, which have been 

produced by considering both the weights of the input layer and the biases of the hidden layer, with respect to the 

activation function.  
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51 2 3 4 60.15824 2.0221 0.40088 0.40813 0.75021 0.68301 0.45463StMr H H H H H H= − + − − + − +  (2) 

 

1 tanh(0.5 (0.55177 0.70739 0.98703 1.7412 2.1698))H LT FD LD FP=  − + + −  (3) 

2 tanh(0.5 (1.4258 1.1039 0.86482 0.69072 3.123))H LT FD LD FP=  − − + −  (4) 

3 tanh(0.5 ( 0.86211 0.47882 2.8155 0.86575 0.57798))H LT FD LD FP=  − − + + +  (5) 

4 tanh(0.5 ( 0.094107 1.3077 2.3888 1.2052 0.46211))H LT FD LD FP=  − + − − +  (6) 

5 tanh(0.5 (1.3481 0.47891 0.63141 0.83293 2.8577))H LT FD LD FP=  − − + +  (7) 

6 tanh(0.5 ( 2.384 0.10976 2.5337 0.043687 2.0413))H LT FD LD FP=  − + + + −  (8) 

 

2.3. Network evaluation 

Figure 3 illustrates the regression plots for the predicted StMr. The plots correspond to the training data set, the 

validation data set, the training data set and the total data set accordingly. Two characteristics that are identifiable 

in the plots indicate the strong fit between the experimental and the predicted values of StMr. The first one regard 

the predicted data points, which are close to the zero-error line (Y = T). The second one regard the collinearity 

between the fit line and the error line. The high R-values generated for all data sets prove the increased accuracy 

of the model, fact that contributes to the generation of low error rates. More specifically, the coefficient values 

for the training data set, the validation, the testing and the total of the data points, were estimated equal to 0.99355, 

0.98913, 0.99852 and 0.99335 respectively.  

 

 
Fig. 3. The regression plots for the training set, the validation set, the test set and the total of the data sets respectively 

 
3. RESULTS AND DISCUSSION 

 

The level means for the four printing parameters were investigated with the main effect plot of Figure 4. It was 

found that the thicker layer used, the higher the generated StMr. A considerable increase is noticeable at the 0.3 

mm value. The infill density at 50% and 80% produces StMr of approximately the same level. In contrast, the 

lowest level of FD affects positively the yielded ratios, probably due to the notable drop in mass. The 0° orientation 
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of the top/bottom layers is responsible for the generation of the highest StMr. The following orientations act 

decreasingly. Similar findings were reported by studies [2,12] that support the fact that both the FD and the LT 

have a strong impact on the mechanical properties of ABS polymer. Lastly, each of the three patterns applied to 

the specimens, exhibited a different effect. That is, the triangular pattern contributed the least to the generated 

tensile strength and therefore to the StMr as well. The grid pattern performed better compared to the triangles. 

Finally, the honeycomb pattern exceeded both triangles and grid in terms of StMr performance. Furthermore, it is 

shown that the LT and the LD are the parameters with the most significant contribution.   

 

 
Fig. 4. The main effect plot of the StMr 

 

To evaluate the prediction capacity of the ANN model, a comparison between the predicted and the 

experimental values for StMr was performed. Figure 5 illustrates the comparison between the StMr datasets. It 

should be note that the maximum absolute error was estimated to be 5.5%, while the Mean Absolute Percentage 

Error (MAPE) approximately equal to 1%, proving the robustness and accuracy of the developed network. 

 

 
Fig. 5. The comparison between the predicted and the experimental values. 

 

 
4. CONCLUSIONS 
 
In the present work, two sets of tensile experiments were conducted according to the CCD, involving the ABS 
specimens fabricated via 3D-printing. The influence of four structural parameters was examined and a shallow 
ANN was developed for the prediction of the StMr. The fill density, the layer height, the top/bottom layer line 
direction and the fill pattern were the parameters studied for the specimen performance assessment. In general, it 
was found that the layer height and the line direction affect the most the StMr, followed by the infill.  
Lastly, the next conclusions were derived: 
The layer thickness is the most influencing factor, acting increasingly on the generated StMr. 
Direction of fracturing is a feature affected directly by the line direction. Consequently, the 0° is responsible for 
higher StMr values, with the 45° and 90° direction following. 
The influence patterns produced by the density, indicate that both the 50% and 80% have almost the same 
influence. Contrarily, the 20% density contributes towards the achievement of higher StMr values. 
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Regarding the pattern, the honeycomb was determined to be the one yielding the highest possible StMr compared 
to the other two. 
Finalizing, the ANN model generated predictions of increased accuracy, with the error handling being at the 
magnitude of 1%. 
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