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Abstract: Integrating machine learning in additive manufacturing to simulate real manufacturing outcomes can signifi-

cantly reduce the cost of manufacturing through selective manufacturing. However, limited research exists on developing  

a prediction model for the mechanical properties of the material. The input variables include key selective laser melting 

process parameters such as laser power, layer thickness, scan speed, and hatch spacing, with tensile strength as the output. 

The artificial neural network (ANN) based mathematical model is compared with a second-degree polynomial regression 

model. The robustness of both models was further assessed with the new data points beyond those used in the development 

of ANN-based mathematical model and regression model. The results demonstrate that the proposed ANN-based mathe-

matical model offers superior accuracy, with a mean absolute percentage error (MAPE) value of 4.74 % and the R2 (good-

ness of fit) value of 0.898 in predicting the strength of AlSi10Mg. The ANN-based mathematical method also demon-

strates the strong performance on the new data, achieving a regression value of 0.68. This concludes that the model shows 

sufficient proof to consider a viable option for predicting the tensile strength. 

Keywords: AlSi10Mg alloy; additive manufacturing; artificial neural network (ANN); machine learning; selective laser 
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INTRODUCTION 

Additive manufacturing has been the cornerstone of in-

dustrial innovation for several decades and has seemingly 

adapted to handle diverse materials including metal, alloy, 

polymer, composite, etc. It offers various processes such as 

binder jetting, fused deposition, powder bed fusion, sheet 

lamination, material jetting, etc. to meet diverse manufac-

turing requirements. The fabrication of the metals or com-

posite is majorly done by selective laser melting and laser 

metal deposition. Additive manufacturing is a preferred 

manufacturing process for the aluminium alloy and alumi-

nium metal matrix composite for its ability to deliver great 

accuracy, lesser lead time, cost effectiveness, and superior 

part qualities compared to conventional manufacturing 

methods [1]. Pure aluminium however poses challenges 

during laser melting because of its high reflectivity absorb-

ing only 7 % of the incident laser energy. In contrast, sili-

con has a high laser absorptivity of around 70 %, which 

makes aluminium-silicon alloys an ideal candidate for se-

lective laser melting (SLM) due to their enhanced laser 

absorption [2]. Among the aluminium-silicon alloys, 

AlSi10Mg stands out as extremely promising because of its 

excellent mechanical properties and lightweight characteris-

tics. The alloy is very popular in the automobile and aero-

space sectors for its exceptional mechanical attributes and 

remarkable thermal conductivity.  

However, the printing parameters of the SLM process 

such as laser power, layer thickness, scan speed, hatch 

spacing etc. have a significant impact on the properties 

of the material, which can be modulated to get the opti-

mum product. For instance, the densification property of 

the metal can be controlled by varying the laser energy 

density, which is the combined form of all four process 

parameters (laser power, layer thickness, scan speed and 

the hatch spacing). The adjustment helps to achieve  

the desired mechanical properties of the metal such as 

tensile strength, compressive strength, hardness, and 

microhardness, etc. [3].  

Machine learning, which is the subset of artificial in-

telligence plays a vital role in generating a model/system 

by enabling automatic learning from the provided data 

and improving the accuracy without any extensive pro-

gramming [4].  

Within this realm, an artificial neural network (ANN),  

a part of deep learning, mimics the working principle of  

a human brain. It has interconnected nodes within its 
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architecture that simulate the biological neurons. The ANN 

architecture comprises of input layers (comprising inde-

pendent variables), hidden layers (comprising one or more) 

and output layers (comprising dependent variables). Each 

node of a layer is connected to the next set of nodes through 

weights, biases and a transfer function to send the signal. 

ANN uses the training data to establish the connection be-

tween input and output. It learns and fine-tunes the accura-

cy of the model through iterative learning which makes it  

a very powerful tool in the domain of artificial intelligence 

[5]. The basic ANN architecture used in this study is de-

picted in the Fig. 1.  

This model can be used for the prediction of unknowns 

and for finding optimal solutions by analysing the influence 

of input parameters. However, there are very few studies 

have been performed in this area. 

Shubham et al. [6] assessed six different machine 

learning models such as deep learning, bagging, decision 

tree, linear regression, random forest and ridge regression 

to evaluate the influence of manufacturing parameters 

such as laser power, scan speed, scan space, and island 

size on the tensile strength of AlSi10Mg alloy. It was con-

cluded that deep learning and decision trees can have pre-

diction accuracy of up to 99 and 89 % respectively. It was 

also highlighted that laser power is the most influencing 

parameter among all the four parameters considered. 

Ghetiya et al. [7] explored the machine learning approach 

to optimise the process parameters of friction stir welding 

of aluminium plates. The input welding parameters con-

sidered are tool rotational speed, welding speed, tool 

shoulder diameter and axial force. An ANN model was 

developed utilising a backpropagation algorithm to predict 

the tensile strength for the given process parameters.  

The results show a good alignment of the model with  

the experimental values and can be used as an alternate 

way to calculate the tensile strength. 

M. Khalefa [8] developed the ANN model from the 

experimental data of stir-casting manufactured Al–Si 

alloy. The application of the model is to predict  

the effect of silicon content on tensile strength, hard-

ness, and wear loss. The obtained results exhibit that 

the predicted values satisfactorily align with the experi-

mental values with mean square error (MSE) of 0.0335, 

0.0023, and 0.014 for the tensile test, the hardness test, 

and the wear loss respectively. Alamri et al. [9] ex-

plored the prediction of the part quality that includes 

assessing relative density, surface roughness, and hard-

ness in relation to laser power, hatch spacing, scan ve-

locity and layer thickness of selective laser melting 

manufactured AlSi10Mg alloy. This study has used five 

different supervised learning algorithms such as artifi-

cial neural network (ANN), support vector regression 

(SVR), kernel ridge regression (KRR), random forest 

(RF), and Lasso regression to compare the results.  

The ANN was found to be outperformed among other 

models based on computation results. Additionally, 

laser power and scan speed emerged as the predominant 

parameters influencing relative density and hardness, 

while layer thickness and scan speed impact the surface 

roughness the most. 

Given limited research, this study develops a novel 

approach to integrate an ANN-based mathematical mo-

del and regression model to predict the tensile strength 

of additively manufactured (SLM) AlSi10Mg alloys 

based on available data.  

The emphasis of the study is on the development of  

a correlation between tensile strength and selective laser 

melting parameters such as laser power, layer thickness, 

scan speed, and hatch spacing. Furthermore, this research 

contributes valuable insight into using a machine learning 

model to predict material properties without the need of 

actual experimentation. 

The objective of this work is to enhance the ability to 

predict and optimise the material properties from the expe-

rimental data and to provide better control over the produc-

tion process, through a reliable predictive model.  

 

 

 

 
 

Fig. 1. Architecture of an artificial neural network 
Рис. 1. Архитектура искусственной нейронной сети 
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The work aims to support a more cost and time effective 

approach for the material assessment. In doing so, this 

study lays a foundation for future research by integrating 

machine learning and neural network models into additive 

manufacturing. 

 

METHODS 

Data collection for the artificial neural network  

and regression model  

The input dataset for the ANN and regression models 

are gathered from the existing literature for the as-built 

AlSi10Mg sample fabricated via a selective laser melting 

process. Additionally, a new experiment was conducted 

in this study as part of data collection for the ANN mo-

del. The ANN model and regression model were deve-

loped using 108 data points (Appendix 1) and a further 

27 data points (Appendix 2) were used to assess the pre-

cision of the model selected randomly. The model’s pre-

dicted output was compared with the experimental value 

reported in the literature. Both the artificial neural net-

work and regression models were implemented using 

MATLAB R2023b. The model utilises the laser power 

denoted by (P), layer thickness denoted (T), scan speed 

denoted by (V), and hatch spacing denoted by (H) as  

the input variables. The input data range for the ANN 

model was taken as 150–1000 W for laser power, 20–

80 µm for layer thickness, 195–2400 mm/s for the scan 

speed, and 42–240 µm for hatch spacing. 

Experiment  

The gas-atomised AlSi10Mg powder of average particle 

size range 20–63 μm was used in the manufacturing which 

primarily consists of up to 10 % silicon, a trace amount of 

magnesium and iron. The detailed composition of the pow-

der is shown in Table 1. 

The samples were fabricated using the SLM process in 

RenAM 500E machine (UK). The key manufacturing pa-

rameters of the manufacturing include laser power is 

275 W, layer thickness is 30 μm, scanning speed is 

2000 mm/s and hatch distance is 80 μm. The build chamber 

was filled with 99.999 % pure argon gas to protect from the 

oxidation of the powder. The building direction has been 

kept horizontal and the layers were oriented to an angle of 

67° from the preceding layer. The temperature of the build 

plate was maintained at 80 °C initially to avoid failure due 

to the change in temperature between the bottom layer and 

the building plate. 

The flat-type sub-size tensile test specimens of 

gauge length 25 mm were manufactured following  

the ASTM E8 standard as shown in Fig. 2. The as-built 

components were kept at stress relieved at 300±10  °C 

for 2 h and air cooled. 

Tensile tests were conducted on the universal testing 

machine, model ETM (Wance, China) of 50 kN capacity 

at a strain rate of 1 mm/min. The axial displacement was 

monitored by a computer integrated video extensometer 

connected to a tensile testing machine which captures 

real-time elongation data to construct the stress–strain 

diagram.  

The yield strength was determined using the 0.2 % off-

set method using the stress–strain Excel graph. First,  

the linear (elastic) region of the stress-strain graph was 

identified to determine the slope (elastic modulus). A line 

was then drawn parallel to this linear part of the graph, 

passing through 0.2 % of the strain (Y-axis). The yield 

strength is defined as the point where the offset line inter-

sects the stress–strain curve. 

Development of an artificial neural network 

MATLAB R2023b version was used to implement  

the ANN model using the neural network fitting tool within 

the deep learning toolbox. A supervised machine learning 

approach was employed to predict the strength of the mate-

rial. The training was run for the target epoch value of 1000 

with four input variables (laser power, layer thickness, scan 

speed/velocity, and hatch spacing/distance) and two outputs 

(yield and tensile strength).  

It is worth noting that the neural network uses two two-

layer feedforward designs. The input layer and output layer 

use hyperbolic tangent (tansig) and liner (purelin) transfer 

function respectively as shown in Fig. 3.  

The neural network structure consists of 10 neurons in 

the hidden layers and 2 neurons corresponding to the output 

variables. This configuration is selected based on the com-

plexity and performance requirements of the ANN model. 

The hidden layer is designed to effectively extract features 

from the input layers. A common approach to determine  

the number of neurons in the hidden layer is to double  

the number of neurons in the input layer and add the num-

ber of neurons in the output layer1. 

The adopted data is categorised into three different 

categories randomly training, validation, and testing in 

80:10:10 ratio. The Levenberg–Marquardt algorithm 

(trainlm) is used for the training of the ANN model, 

which is often considered the fastest back-propagation 

algorithm. The input and output data are normalised be-

tween −1 and +1 to achieve dimensional consistency and 

to achieve compatibility with tansig transfer function 

using equation (1) [10]: 

 

 
1

2

minmax

min 





NN

NN
M i

norm ,                  (1) 

 

where Mnorm is normalised parameters; 

Ni is actual data;  

Nmin and Nmax are the minimum and maximum values of  

the actual data respectively. 

Polynomial regression analysis  

A multivariate polynomial regression model was created 

using MATLAB to create the correlation between the de-

pendent variable (ultimate tensile strength) and independent 

variables (laser power, layer thickness, scan speed/velocity, 

and hatch spacing/distance). The same experimental results 

that were used to develop the ANN model are utilised for

                                                            
1 Livshin I. Artificial Neural Networks with Java: Tools  

for Building Neural Network Applications. Chicago, 2019. 575 p. 

DOI: 10.1007/978-1-4842-4421-0. 
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Table 1. Composition of AlSi10Mg powder 
Таблица 1. Состав порошка AlSi10Mg 

 
 

Element Al Si Mg Fe N O Ti Zn Mn Ni Cu Pb Sn 

Маss. % Balance 9−11 0.25−0.45 <0.25 <0.20 <0.20 <0.15 <0.10 <0.10 <0.05 <0.05 <0.02 <0.02 

 
 
 
 
 
 

 
a 

 
b 

Fig. 2. Sample details: a – sample dimension; b – fabricated sample 

Рис. 2. Параметры образца: a – размеры; b – образец 

 
 
 
 
 
 

 
 

Fig. 3. Network architecture 

Рис. 3. Архитектура сети 
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the multivariate regression model. The multi-variant poly-

nomial regression, fitlm facilitates the modelling of the rela-

tion between multiple input predictors and a single re-

sponse. The model computes coefficients for each set of 

variables and the intercept terms. It determines the impact 

of each predictor on the response variable. The second-

degree polynomial function is calculated using statistics and 

machine learning toolbox: 

 

 

 


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


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0

2

0
0

,                  (2)  

 
where Y is the predicted response;  

0a  is the intercept coefficient; 

ii Xa  are the linear terms; 

jiij XXa  are the interaction terms;  

2
iij Xa  are the square terms. 

 

RESULTS 

Experimental values 

The tensile test of the SLM fabricated specimen is per-

formed as per ASTM E8 standard and results are present-

ed in the Table 2. In the tensile test, the specimen is bro-

ken in the direction perpendicular to the applied force as 

shown in Fig. 4. The tensile strength of the specimen is 

reported as 436.95 MPa at the maximum force of 15.7 KN 

and the specimen exhibits an elongation of 9.59 %.  

The failure of the specimen is identified as brittle and 

sudden occurring before the material entered the plastic 

zone as shown in stress–strain diagram (Fig. 5). The yield 

strength was found to be 58 MPa, calculated using  

the 0.2 % proof/offset method.  

Artificial neural network results  

The performance of the developed ANN is assessed us-

ing various evaluations and analytical metrics. The com-

prehensive output of the ANN is shown in Table 3.  

ANN regression plot for overall training, validation, and 

test data for yield and tensile strength is shown in Fig. 6. 

The X-axis represents the value of the target (experimental 

data) and the Y-axis shows the output data predicted using 

the ANN model. The dotted line illustrates the ideal corre-

lation where actual and predicted values are equal, while 

the solid line represents the actual/true correlation between 

the X and Y axis.  

It is observed that the correlation coefficient (R-value) 

for the overall output of the training, validation, and test 

data is 0.96, 0.94, and 0.91 respectively. The overall  

R-value is 0.96 which shows a strong correlation between 

actual (target) and predicted output.  

The value at which MSE between actual and predict-

ed values converges is shown by the best validation of 

the performance curve. The back-propagation algorithm 

calibrates the values of weights and biases with each 

iteration and generates the lowest MSE value. The num-

ber of epochs represents the number of iterations per-

formed by the network to converge it to a minimum [11]. 

The performance curve of this study is shown in Fig. 7, 

which shows the best performance of the model of value 

0.024 at epoch 44. From the performance curve, it was 

evident that there is no over-fitting observed. Additional-

ly, similar trends have been observed for training, test-

ing, and validation data. 

 

 
 

Table 2. Tensile test results 
Таблица 2. Результаты испытаний на растяжение 

 
 

Mechanical properties Values 

Yield stress, MPa 58 

Tensile strength, MPa 436.95 

Elongation, % 9.59 

Maximum force, KN 15.73 

 
 
 

 
 

Fig. 4. Fractured sample 
Рис. 4. Разрушенный образец 
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Fig. 5. Stress–strain diagram 

Рис. 5. Диаграмма «напряжение – деформация» 

 

 

 
Table 3. Artificial neural network output 

Таблица 3. Выходные данные искусственной нейронной сети 

 

 

ANN output  Value  

Epoch value 50 

R-value – training 0.96 

R-value – validation 0.94 

R-value – test 0.91 

R-value – all 0.96 

MSE 0.0155 

 

 

 

Development of mathematical formula based on ANN  

Once the ANN model is trained it can be translated 

into a mathematical equation or model by integrating 

transfer function using weights and biases as depicted 

in equation [10]:  

 

  














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h

k

m

k
iikhksigk XwbfwbY

1 1
0 ,      (3) 

 

where Y is the normalised output variables; 

b0 is the bias at the output layer;  

wk is the weight that connects between the kth hidden layer 

and the single output neuron;  

bhk is the bias at the kth neuron of the hidden layer; 

h and m are the number of neurons in the hidden layer and 

input layers, respectively;  

wik is the connection weight between the ith input variable 

and the hidden layer;  

Xi is the normalised input variable;  

fsig is the transfer function used to train the ANN. 

The number of neurons connected to the input and hid-

den layer is h=10. The adopted transfer function between 

the input and output layers is tansig (fsig = tansig) and 

purelin respectively. 

Therefore, the equation (3) can be converted into equa-

tion [12]: 

 

   Tn qWTS  0825.0 ,                   (4) 

 
where TSn is the normalised tensile strength; 

   66932915526628011800279.1 . .. .W   

8831.17236028003361508315.2  . . . ; 

   54321 tanhtanhtanhtanhtanh AAAAAq   

109876 tanhtanhtanhtanhtanh AAAAA ; 
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The normalised variables A1 to A10 can be calculated us-

ing matrix equations:
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The normalised tensile strength in equation (4) needs to 

be de-normalised to derive the required predictive mathe-

matical equation. The de-normalised equation to predict the 

tensile strength is shown in equation (5):  

 

 
160

2

8.3181



 n

d

TS
TS ,                 (5) 

where TSd is the de-normalised tensile strength, the mini-

mum and maximum values of input tensile strength are 160 

and 478.8 MPa respectively. 

Hence equation (5) represents the ANN-based mathe-

matical model to predict the tensile strength for the provid-

ed value of laser power, layer thickness, scan speed, and 

hatch spacing.  

 

 

 

 
 

Fig. 6. Regression plot 

Рис. 6. График регрессии 
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Fig. 7. Performance plot 

Рис. 7. График эффективности 

 

 

 

Polynomial regression analysis using MATLAB  

The experimental results are fitted in the quadratic equa-

tion (2) resulting in the proposed regression model as 

shown in equation: 

 

222
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

, (6) 

 

where T.S is the tensile strength;  

P is the laser power;  

T is the layer thickness;  

V is the scan speed;  

H is the hatch spacing.  

 

DISCUSSION 

Validation of mathematical formula based on ANN 

The comparison between ANN predicted output and 

mathematical model predicted output is plotted in Fig. 8. 

Evidently, the proposed mathematical model replicates 

the ANN output perfectly with a goodness of fit of 

(R2)=1 and can be used to predict the tensile strength 

without running the ANN model. Fig. 9 shows the trend 

comparison between actual experimental values and pre-

dicted output. The mean absolute percentage error 

(MAPE) between the experimental and predicted value 

stands at 4.74 % which demonstrates quite a good accu-

racy. The goodness of fit (R2) between the ANN predict-

ed data and actual experimental value is 0.898 

(Fig. 10 a). This indicates that the predicted value 

matches the actual value by 89.8 %.  

Validation of regression model 

The calculated goodness of fit between the experimental 

value and predicted value using the polynomial regression 

model is 0.68, which means the predicted value aligns with 

the experimental value with an accuracy of 68 %, as shown 

in Fig. 10 b.  

Additionally, the mean absolute percentage error 

(MAPE) calculated between experimental and predicted 

values are 8.83 %, which shows a moderate level of de-

viation with respect to experimental values. Fig. 11 

shows the trend comparison between actual and pre-

dicted values. 

F-test and standard error of the regression  

coefficients  

The F-test of the regression model is performed to as-

sess the predictive power and the significance of the rela-

tionship between dependent and independent variables  

using equations from: 

 

 2  YYSST i ; 

 

 2ˆ  YYSSR i ; 

 

  
2ˆ

ii YYSSE ; 
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Fig. 8. Tensile strength predicted using ANN vs mathematical model 

Рис. 8. Предел прочности, рассчитанный с помощью ИНС и математической модели 

 

 

 

 

 

 

 

Fig. 9. Experimental vs predicted values of tensile strength (ANN) 

Рис. 9. Экспериментальные и спрогнозированные значения предела прочности (ИНС) 
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a 

 

b 

Fig. 10. Comparison of the measured vs predicted tensile strength:  

a – ANN-based model; b – polynomial regression model 

Рис. 10. Сравнение экспериментального и спрогнозированного предела прочности:  

a – модель на основе ИНС; b – модель полиномиальной регрессии 

 

 

 

 

 
 

Fig. 11. Experimental vs predicted values of tensile strength (polynomial regression) 

Рис. 11. Экспериментальные и спрогнозированные значения предела прочности (полиномиальная регрессия) 
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k

SSR
MSR  ; 

 

1


kn

SSE
MSE ; 

 

MSE

MSR
statisticF  , 

 

where SST is total sum of squares; 

SSR is regression sum of squares; 

SSE is residual sum of squares; 

MSR is mean square for regression; 

MSE is mean square for error; 

Yi is experimental values; 

Y  is mean of experimental values; 

iŶ  is predicted values; 

k is No of independent variable; 

n−k−1 is degrees of freedom. 

Since F calculated 13.36>Fcritical at the 0.05 significance 

level, there is statistically significant relationship between 

the predictor and response variable. 

The standard error of the regression coefficient 

measures the variability of the estimated coefficients if the 

study were repeated. It measures the uncertainty associated 

with the regression model and how much it is expected to 

vary due to sampling variability. The analysis is performed 

using MATLAB using equations: 
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pn

SSR


2σ Variance,Residual ; 

 

Variance – Covariance Matrix of Coefficients, 
 

    12σβ̂Var
 XX . 

 

The standard errors are the square roots of the diagonal 

elements of variance-covariance matrix: 

 

Standard error of Coefficients 
 

    β̂VardiagˆSE  . 

The result of the study is summarised in Table 4. As 

stated, the standard error of the coefficient provides  

the measure of uncertainty of the coefficients. The rela-

tively small error indicates the precise estimate and sig-

nificance of the impact of the coefficient as seen for  

the variables V, V2, P2, T2, H2, P∙T, P∙V, P∙H, T∙V, and 

V∙H. In contrast, the relatively large standard error for 

the variable T and the intercept suggest that the estima-

tions are not very precise and likely to vary more across 

the samples. 

Validation of proposed models with the new data sets  

ANN-based mathematical and polynomial regression 

models are validated on the new set of 27 data points, the 

datasets beyond those that are used in the model develop-

ment. The experimental values of the data points are col-

lected from the previous literature. ANN-based mathemati-

cal equation (5) and polynomial regression equation (6) 

were used for the prediction of the tensile strength of the 

new input datasets and the same was compared with the 

experimental values to assess the robustness of the model. 

The validation was done using statistical parameters such as 

goodness of fit (R-square) to measure how well the model 

fits the data, mean absolute percentage error (MAPE) to 

provide the relative accuracy of the prediction, mean abso-

lute error (MAE) to measure overall prediction error and 

root mean squared error (RMSE) to find out the impact of 

the larger error as outlined in equations: 

 

squares of sum Total

residualsofsquaresofSum
12 R ; 

 

100
Actual

ActualPrediction1

(MAPE)errorpercentageabsoluteMean









n

; 

 

 



ActualPrediction
1

(MAE)errorabsoluteMean

n

; 

 

 

n

 




2
ActualPrediction

(RMSE)ErrorSquareMeanRoot

. 

 

Fig. 12 illustrates the comparison of experimental 

values with an ANN-based mathematical model and poly-

nomial regression model. The mean error percentage was 

found to be 11.1 and 16.8 % for ANN-based equation 

and polynomial regression model respectively.  

The summary of the validation of the two models is 

shown in Table 5. 

Comparison and validation with prior research 

The experimental results of tensile properties assess-

ment of SLM fabricated AlSi10Mg sample demonstrate 

strong consistency with the previous studies [13–17]. 
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Table 4. Standard error of a regression coefficient  

Таблица 4. Среднее квадратическое отклонение коэффициента регрессии  

 

 

Variable Coefficient  Standard errors of the regression 

Intercept −33.83 156.8213 

P 3.1866 0.5771 

T  −0.0435 4.3601 

V  0.2681 0.0783 

H  −2.9162 0.741 

P∙T −0.0313 0.006 

P∙V −0.0004 0.0002 

P∙H −0.0182 0.0024 

T∙V −0.0068 0.0015 

T∙H 0.1159 0.0134 

V∙H 0.0025 0.0007 

P2 0.0005 0.0003 

T2 0.0186 0.0397 

V2 −0.0001 0 

H2 0.0045 0.0022 

 

 

 

 

 

 
 

Fig. 12. Experimental vs predicted values of tensile strength for new data points 

Рис. 12. Экспериментальные и спрогнозированные значения предела прочности для новых точек данных 
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Table 5. Summary of the validation of ANN-based and regression models 

Таблица 5. Результат оценки модели на основе ИНС и регрессионной модели 

 

 

Evaluation metric ANN based mathematical model Polynomial regression model 

R-square (R2) 0.68 0.25 

Mean absolute error (MAE) 39.44 61.17 

Mean absolute percentage error (MAPE) 11.10 16.89 

Root mean square error (RMSE) 50.37 79.28 

 

 

 

The tested specimen exhibited significantly higher tensile 

strength approximately 25 % higher than that of conven-

tionally cast specimens [18]. 

The developed ANN model and regression model clear-

ly show the dependency of the output on the key process 

parameters i. e. laser power, layer thickness, hatch spacing, 

and scan speed. The observation aligns with the previous 

studies, which identified the laser power and scan speed as 

the common predominant influencing factors on the materi-

al properties [6; 9]. 

The results clearly show that the ANN model outper-

formed the regression model, showing superior predictabi-

lity for the material properties. This aligns with previous 

studies, that highlight the ability of the ANN model to  

handle complex, multi-functional, non-linear relationships 

[6; 9; 19]. For example, M. Khalefa [8] achieved an MSE 

of 0.0335 for tensile strength prediction using ANN, while 

other researchers [9] reported MSE values of 0.232, 0.395, 

0.122 for relative density, surface roughness, and hardness 

respectively. Similarly, Ghetiya et al. [7] achieved the MSE 

value less than 3 % using an ANN model for tensile 

strength prediction. In this study, the accuracy of the ANN 

surpasses some earlier findings by predicting material pro-

perties with an MSE value of 0.0155 and an overall R value 

of 0.96. This improvement is attributed to the use of a wider 

range of datasets for model training, which enhances its 

reliability and provides a comprehensive representation of 

the problem [20]. 

Contributions and implications of the study 

The current study contributes to the additive manufac-

turing field by providing a precise machine learning based 

approach for the prediction of material properties using 

input process parameters. The work narrows down on the 

prediction of tensile strength of SLM manufactured 

AlSi10Mg alloy, offering a useful tool for manufacturing 

and design engineers. 

This finding also offers a practical and efficient solu-

tion by minimising manufacturing time and resource 

usage. By enabling the real time optimisation of manu-

facturing costs, the research supports the production of 

high-quality parts.  

Furthermore, as the machine learning model is 

trained to predict the properties under various condi-

tions, the study also provides further advancements in 

this area by encouraging input parameters optimisation 

to reduce material defects through the correlation be-

tween the inputs and outputs.  

The study presents a boarder implication as it empowers 

the adoption and integration of machine learning applica-

tions in additive manufacturing. The work further promotes 

the artificial intelligence, data driven approach in advanced 

material properties optimisation. 

Limitation of proposed ANN model 

The proposed ANN model comes with certain limita-

tions as follows: 

1. The input variables should fall within the range of 

minimum and maximum range of the variables used in the 

development of the ANN model. 

2. The input and output should be normalised using 

equation (1) before feeding it into the ANN model. 

3. ANN is a complex system compared to the regression 

model, which requires more computational resources. ANN 

typically requires more datasets to train the model effec-

tively. The availability of a limited experimental dataset can 

limit the capability of the ANN and cause overfitting. 

 

CONCLUSIONS 

In this study an artificial neural network model is 

adapted as a mathematical equation model and a regression 

model is developed to predict the tensile strength of addi-

tively manufactured (SLM) AlSi10Mg alloy based on exist-

ing experimental data. The effectiveness of the ANN-based 

mathematical model is then evaluated and compared to  

the regression model on the datasets distinct from those 

used in the model development. The following conclusion 

can be drawn from the study: 

1. The proposed ANN-based mathematical model ex-

hibits superior performance compared to the regression 

model with the R2 (goodness of fit) value of 0.898 against 

0.685 of the regression value for the input data sets used for 

the model development. The ANN-based mathematical 

model also performed comparatively well for the new data-

sets yielding a regression value of R2 as 0.68. 

2. Notably, the ANN-based mathematical model 

demonstrates low mean absolute percentage error of 4.74, 

and 11.1 % for the datasets used for model development 

and the new input data-sets respectively.  

3. This concludes that the accuracy of the ANN-based 

mathematical model is good enough to consider it as  
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the viable option for the prediction. However, the effica-

cy of the ANN model is limited for the new input data-

sets, because of the limited data availability. The inclu-

sion of more datasets into the development and validation 

of the ANN model is expected to bring more accuracy.  

Exploring various neural network techniques and fine 

tuning the hyperparameters can improve the model per-

formance further.  
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Аннотация: Внедрение машинного обучения в аддитивное производство для моделирования реальных ре-

зультатов может значительно снизить его стоимость за счет селективного производства. В настоящее время суще-

ствует недостаточно исследований, посвященных разработке модели прогнозирования механических свойств ма-

териала. Входные переменные предложенной модели включали ключевые параметры процесса селективной ла-

зерной плавки, такие как мощность лазера, толщина слоя, скорость сканирования и шаг штриховки, на выходе 

получая предел прочности. Математическая модель на основе искусственной нейронной сети сравнивалась с мо-

делью полиномиальной регрессии второй степени. Надежность обеих моделей дополнительно оценивалась с но-

выми наборами данных, отличных от тех, которые использовались при разработке математической модели на ос-

нове искусственной нейронной сети и модели регрессии. Результаты показали, что предложенная математическая 

модель на основе искусственной нейронной сети обеспечивает превосходную точность: при прогнозировании 

прочности сплава AlSi10Mg среднее абсолютное процентное отклонение (MAPE) составило 4,74 %, критерий со-

ответствия R2=0,898. Математический метод на основе искусственной нейронной сети также показал высокую 

производительность на новых данных – значение регрессии достигало 0,68. Таким образом, разработанную мо-

дель возможно рассматривать как перспективный вариант для прогнозирования предела прочности материала. 

Ключевые слова: сплав AlSi10Mg; аддитивное производство; искусственная нейронная сеть (ИНС); машинное 

обучение; селективная лазерная плавка; математическая модель. 
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