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Abstract. This study attempts to predict the mechanical properties of Al 6061 reinforced
with various materials such as Al>Os, SiC, B4C, glass, MoS2, bamboo charcoal, and iron ore.
UTS and hardness are considered as output responses, and the stir casting parameters such
as stirring speed, stir time, temperature and reinforcement percentage are considered as
input variables. Predictive modelling with Artificial Neural Network (ANN) methods in
MATLAB is done using 46 data sets from previous studies. The architecture of the ANN
model is 4-10-2, which consists of four input neurons, ten hidden nodes and two output
nodes. The model parameters are trained to minimise the prediction error. The best
validation set is attained with ANN and the value is 82.065 at epoch number 25. Regression
analysis-based evaluation is carried to report the performance of the model, which shows
good fitting for training, testing and validation datasets and regression values are 0.97932
for training, 0.99227 for testing and 0.97189 for validation, respectively with the overall
regression value of 0.97899. The predictions made by the ANN are very close to the actual
values for both UTS and BHN, demonstrating the ANN's capability to accurately predict
the mechanical properties of AMCs based on stir casting parameters and reinforcement
types. This model offers a promising tool for optimizing the production of high-performance
Al 6061 hybrid composites.

1 Introduction

Aluminium has been widely recognised to be the most favourable material for MMCs due to its extreme
ductility, excellent thermal conduction and outstanding corrosion resistance. Al alloys are notable as heat-
treatable alloys which utilise controlled thermal treatment for increased mechanical properties [1][2]. A16061
matrix material was selected for the fabrication due to its favourable mechanical properties, high specific
strength, wide commercial application in the structural and automotive industry as well as aerospace
components [3][4]. For the production of AMCs, ceramic particulates such as Al,Os, SiC, B4C, TiB; and TiC
have been widely used as reinforcement. Ceramic reinforcement imparts thermal stability, for reducing the
expansion and deformation at elevated temperatures and also enhances the strength, hardness and wear
resistance. In recent years, alternative reinforcement methods focusing on sustainability and performance
have drawn more attention due to the development of metal matrix composites [5]. Composite properties
depend on reinforcements as well as the working conditions. Researchers are focusing on developing hybrid
metal matrix composites in order to achieve the synergistic effect of their properties, which involves the
combination of more than two reinforcing materials and adding them into appropriate matrix materials [6][7].
Pankaj Beldar et al. [8] investigated the performance of Al 6061 reinforced with micro-sized B4C particles.
Al16061 alloy composites containing 10wt% B4C particles were prepared by a stir casting technique. The best
conditions for wear and friction reduction were obtained by performing hyperparameter adjustment of the
experimental parameters and automating the GRG calculations with Python programming.
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When compared to the base Al6061 alloy, the optimised composite demonstrated a considerable improvement
in tribological performance, with a 50.8% drop in wear rate and a 26.1% reduction in COF [9]. According to
I. Sabry et al. study, AMCs developed by changing the volume percentage of SiC (5-15%) with a constant
graphite volume fraction (10%) in the composites. Wear rate was obtained at different sliding speeds (0.4 -1.6
nm/s) and loads (10-40N). The mechanical properties improved by increasing UTS and VHN from 490 to 710
MPa and 65 to 85VHN, respectively. In another study [10], Mechanical, wear and corrosion of stir-cast
Al6061-based composites were studied. The properties of the composite samples have been analysed by
tensile testing, impact testing, microhardness measurement, microstructural observation and porosity testing.
The result shows that composites with 4 wt% of TiO, and 4 wt% of Al>O; are significantly enhanced in
hardness and ultimate tensile strength. However, the impact hardness and elongation were slightly decreased
with 4 wt % ALOs addition. D. Mummoorthi et al. [11] prepared the Composite of Al6061 reinforced with
S5wt% of Fe203 and 2 to 6wt% of B4C. Scanning electron microscopy indicated the muscular bonding
between Al6061 and reinforcement. It is also demonstrated that enhanced Fe203 and B4C particles content
resulted in improved microstructure homogeneity, consequently, tensile strength of metal composites without
loss of elongation. In another study [12], Liquid metallurgical stir casting process was applied for the
fabrication of A16061-TiC microparticle-reinforced composites. A16061 alloy matrix was reinforced by the
addition of 2.0 wt% of TiC particles. The synthesis was carried out after the mechanical and dry wear tests, as
well as the measurement of various mechanical properties, including density. Both the cast A16061 and its
TiC composites were tested according to the ASTM standard. The experimental results show that the density,
hardness and tensile strength of Al6061 alloy are obviously improved with increasing weight percentage of
TiC. T. Satish Kumar et al. [13] investigated the impact of ZrC vol. % on the mechanical behavior of stir-cast
AA6061 composites. The SiC/ZrC particle volume fractions were varied (5-15wt%). The presence of ZrC
particles increased the BHN and UTS of AA6061 from 32 to 68 HV and 118 to 165MPa respectively.

The objective of the present research is to develop an intelligent model through Artificial Neural Networks
(ANN) to predict the mechanical behaviour of Al 6061 alloy enhanced with various reinforcements including
Al20s, SiC, B4C, glass, MoS:z, bamboo charcoal, and iron ore. This research focuses on predicting UTS and
BHN. The present work is designed to determine the impact of stir casting parameters like temperature, stir
speed, and stir time on these properties. This research is intended to enhance the prediction capability of the
ANN model for hybrid composite material by using 46 datasets from previous literature.

2 Stir Casting Process

The basic steps are necessary to get the required final product materials in the stir casting process. Fig.1
shows the schematic diagram of the stir casting process. The Al-6061 alloy and reinforcements used are
acquired from the local sources, washed with water and sieved to remove litter and dust. Then, the Al-6061
alloy and reinforcements were solar dried for 5-6 hours then the Al-6061 alloy was heated in a crucible at
760°C for three hours using a gas-fired furnace. The necessary amount of reinforcement was applied and
mixed for 30 to 40 minutes with controlled feed after stirring. Stirring was utilised at 400-800 rpm for 30-45
minutes at each step [14-16] . The slurry was transferred into the mould for the pattern. The necessary
aluminium-based composites were then created for characterisation. For mechanical and physical
characterisation, samples of the right size are cut using a diamond cutter, depending on the type of test.
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Fig.1. Schematic diagram for stir casting process on Al 6061 composites

The mechanical properties of the materials were measured using a UTM equipment to measure tensile strength
(ASTM D638) and the Brinell Hardness Testing Machine to assess hardness (ASTM E384). These
standardised tests provided detailed insights into the material's behaviour under stress and its resistance to
indentation, ensuring accurate and reliable measurements of its mechanical properties.

3 Data Collection from Previous Studies

The experimental data used in this study were collected from various existing research works on stir-cast
metal matrix composites of AA6061. The ranges of stir speed, stirring time, melt temperature, reinforcing
percentage, tensile strength and hardness were extracted from the peer-reviewed literature to compile a single
dataset [17-35]. ANN in the MATLAB software is employed to model and forecast mechanical properties
based on the dataset. A total of 46 data points were collected according to stir casting parameters such as
temperature, weight percentage of reinforcement, stir speed and time. Close correlation of processing
parameters with material properties can be observed from the fact that the data set incorporates parameter-
related output responses such as tensile strength (UTS) and hardness (BHN). The use of ANN in this context
enables an efficient prediction of material behaviour, potentially reducing the need for extensive experimental
testing while improving accuracy in material design and selection.

4 Results and Discussion

ANN is a machine learning method which widely used to solve various problems in the form of applications.
From Fig. 2, the structure of the 4-10-2 ANN is depicted, which includes 4 input neurons (stirring speed, stir
time, temperature and reinforcement percentage), 10 hidden neurons, and 2 output neurons (UTS and BHN).
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Fig.2. ANN 4-10-2 structure
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ANN model is used to set up the input-output relationships, representing all targets and constraints to be
simulated in a consistent way by simulating such complex interactions present within the dataset. This is a
suitable model for the present problem, because it can take into account nonlinear relationships between input
variables and outputs [36]. Fig.3 shows the training mean-squared error variation in every epoch. Reduced
mean-squared error levels indicate the neural network's excellent prediction power and show how well it links
input variables to the corresponding outputs. MSE reached its optimal value of 82.065 at epochs 22
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Fig.3. MSE with best validation curve

Fig.4 displays graphs related to the training process for the stir casting process. It shows that the gradient, with
a high value of 113.9321 at epoch 28, indicating significant adjustments to the model’s parameters, Mu
influences the learning rate, set to 0.01 at epoch 28, suggesting careful updates to the model’s weights and
validation checks showing 6 checks by epoch 28, reflecting that the model's performance is being evaluated
periodically to prevent overfitting.
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Fig.4. training process diagram
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The artificial neural network was trained using 70% of the total dataset, 15% of the data was reserved for
testing and the remaining 15% for validation. Training was performed using the Levenberg—Marquardt back-
propagation method (trainlm), with calculations conducted using the tansig transfer function. According to the
regression fit analysis from Fig.5, the correlation coefficient (R) for the training data reached 0.97932,
demonstrating an excellent fit. R values for the regression analysis of the validation, test data, and overall were
0.99227,0.97189 and 0.97899, respectively, which further confirm the model's robustness and reliability in
making accurate predictions across different datasets. These results suggest that the trained artificial neural

network is capable of generalising well to unseen data, making it a reliable tool for predicting UTS and BHN.
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Fig.6. Actual value vs ANN predicted value for UTS
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Fig .7. Actual value vs ANN predicted value for BHN

From Fig.6 and Fig.7, the ANN predicted values are compared against the actual values of UTS and BHN.
The predicted and actual values are close, which shows high accuracy in model performance. The close
predicted and actual values show great pattern recognition, confirming the model's overall capability. The
performance of the ANN model shows great potential and capability in the precise prediction of important
manufacturing parameters, making it suitable for any real-time quality control and process optimisation
applications. In assessing the precision of the predicted values in comparison with the actual values for both
UTS and Hardness, the performance metrics such as RMSE, MAE, and MAPE play an important role. For
instance, an RMSE value of 0.436 for UTS shows that the difference between the prediction values and the
actual values is 0.436 units on average. While the MAPE value of 0.262% shows that the predictions made
were accurate and MAE of 0.383 is not so impressive. Regarding Hardness, the value of RMSE is 0.587, MAE
of Hardness is 0.453 and MAPE is 0.321%. It is noted that the performance of the model on UTS and Hardness
is excellent, as there are minimum errors and maximum accuracy in prediction.

5 Conclusion

In this study, a comprehensive dataset was collected for AA6061 reinforced with various materials, including
AlQOs, SiC, B4C, glass, MoS:, bamboo charcoal, and iron ore, to predict the Ultimate Tensile Strength (UTS)
and Brinell Hardness Number (BHN). By integrating data on reinforcement types and processing parameters
such as stir speed, stir time, melt temperature, and reinforcement weight percentage, the model can help
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determine how these factors influence the UTS and BHN of AA6061 composites. This dataset was used to
train by ANN in MATLAB, aiming to predict the accuracy of the model’s performance. A 3-10-2 ANN
structure was selected for this analysis. The best validation performance achieved was 82.065 at epoch 25,
demonstrating a strong fitting of the model. Regression analysis was conducted to evaluate the performance
of the ANN model, showing excellent fitting across training, testing, and validation datasets. The regression
values obtained were 0.97932 for training, 0.99227 for testing, and 0.97189 for validation, with an overall
regression value of 0.97899, indicating the reliability and robustness of the model. The use of ANN in this
context facilitates the creation of predictive models that eliminate the need for extensive experimental work,
saving both time and cost. This approach can help in making informed decisions for selecting reinforcement
materials, improving the material's mechanical properties, and optimizing processing parameters. This
innovative approach allows for the efficient prediction of material properties without the need for time-
consuming experimental work, leading to faster development cycles and cost-effective solutions.
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