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ANN (Artificial Neural Network) approach is used in this paper to model the complex nature of compo-
sites which have non-linear relationship with process parameters which effect their properties. The exper-
iments were performed with different controlled input parameters like melting temperature, percentage
reinforcement and die temperature on the mechanical performance of aluminium matrix composites fabri-
cated through stir casting. Levenberg-Marquardt algorithm was employed to predict the properties of the
composites. The work confirms that Neural Network learned by Levenberg-Marquardt Algorithm (NN-
LMA) is a reliable method with high level of accuracy to predict the mechanical properties of the compo-

sites fabricated using stir casting.
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1. INTRODUCTION

Aluminum is used in industrial application due to
its properties like light weight, high electric conductivi-
ty and corrosion resistance [1]. Aluminium is used in
structural applications due to excellent strength to
weight ratio [2]. The addition of ceramic particles im-
proves corrosion, wear and strength resistance [3]. The
aluminium composites can be manufactured using var-
ious methods.

Stir casting method is widely used to develop com-
posites due to its low cost, simplicity and high produc-
tion rate [4]. Many researchers have used stir casting
for the fabrication of the composites [5]. Khare et al. [6-
8], investigated the effect of B4C, Al2O3 and carbon
black reinforcement on mechanical and tribological
properties of Al 7075 composites. Kok and Ozdin [9]
investigated the effect Al2Os particles content and their
size on wear behavior of Al 2024 alloy composite. Su-
rappa et al. [10] investigated the effect of Al2O3 parti-
cles on wear behavior of hypereutectic Al-Si alloy.

In recent years to save time and materials mathe-
matical models are becoming effective way to get de-
sired results. In this research, Levenberg-Marquardt
Algorithm (LMA) is applied and the results of predic-
tive, experimental and validation are presented. Koksal
[11] used ANN to predict mechanical properties in mag-
nesia based refractory materials. The results concluded
that ANN can be successfully used to predict the me-
chanical properties of magnesia based refractory mate-
rials with little error. Gupta et al. [12] predicted the
mechanical properties of rubberized concrete exposed to
elevated temperature using ANN. They observed that
ANN can be used to predict the durability properties of
rubberized concrete exposed to elevated temperature.
Jokhio et al. [13] predicted the mechanical and wear
properties of aluminium composite produced using stir
casting. The results shows that ANN prediction was
reasonable accurate with error percentage within range
of 2-7 % in training testing and validation.

PACS numbers: 72.80.Tm, 81.05.Qk

2. EXPERIMENTAL PROCEDURE
2.1 Materials and Methods

The material used in this study is Al 7075 cast com-
posites reinforced with Al2Os andB4C particulates hav-
ing reinforcement percentage 12% and 3 % selected
from our previous works [6, 7] The schematic diagram
for stir casting is shown in Fig. 1. The composites are
cut into pieces of 1 kg approximately and placed in cru-
cible of stir casting furnace. The ingots are allowed to
heat at a temperature ranging from 700 to 1000 °C.

Fig. 1 - ANN model

The preheated reinforcement at about 300 °C is
added to the melt. The melt is then stirred at varying
time ranging from 18 to 28 minutes for uniform disper-
sion of the reinforcement. After stirring, the melt is
poured into the preheated dies having temperature
range from 180 °C to 280 °C and allowed to solidify. The
reinforcement carbon is added in varying percentage 5,
10 and 15 wt. %. The metal is taken out from the dies
and are cut in the desired shapes for testing.

The results were presented at the International Conference on Multifunctional Nanomaterials (ICMN2020)
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2.2 Experimental Design

The experiments for the present research work are
designed using full factorial design which confirms that
every possible combination of the various factors and
their levels is analyzed. The factors with their levels are
shown in Table 1. The experimental plan for the present
study in shown in Table 2.

Table 1 — Stir casting factors and their levels

Percentage Reinforcement (%) | 3 6 9

Stirring Time 18 |23 |28

Molten Metal Temperature 650 | 700 | 750

Table 2 — Experimental 1Layout using 33 (L 27) full factorial
design

S.nolRein- [Stir- [Molten |[Hard- [UTS

force- |ring Temp [ness

ment [Time

(%) (min) |(°C) (BHN) |(MPa)
1 18 650 138 248
2 3 18 650 139 262
3 3 18 650 141 262
4 |3 23 650 143 255
5 13 23 700 145 265
6 3 23 700 149 253
7 3 28 750 139 235
3 13 28 750 138 254
9 I3 28 750 140 278
10 [6 18 700 148 281
11 [6 18 700 151 285
12 |6 18 700 149 274
13 |6 23 750 147 280
14 |6 23 750 149 289
15 [6 23 750 151 270
16 |6 28 650 154 261
17 |6 28 650 153 287
18 [6 28 650 158 274
19 [6 18 750 154 294
20 |9 18 750 152 295
21 9 18 750 159 282
22 |9 23 650 153 297
23 |9 23 650 152 301
24 19 23 650 158 283
25 [9 28 700 159 281
26 [9 28 700 154 288
27 9 28 700 151 282

2.3 Hardness and Tensile Test

The hardness tests were conducted on Brinell hard-
ness testing matching. Cast samples were in cut in rec-
tangular pieces of 50 mm x 50 mm. The hardness of the
composite is taken three times at different points and
the average hardness is reported. Tensile Test are con-
ducted on a Universal testing machine. From the tensile
test UTS and yield strength for all the specimens were
taken. The specimen are cut according to ASTM stand-
ard. The test was conducted at room temperature.
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2.4 Predictive Modelling

To increase the efficiency and reduce production
cost predictive modelling is essential for the product
development. In this experiment ANN model was de-
veloped to predict all the responses. Since ANN net-
works are effective and convenient to fit non-linear
experimental data [14]. In this experiment Levenberg-
Marquardt Algorithm (LMA) algorithm is used for pre-
diction since it is fastest back-propagation algorithm
for training and prediction [14]. The back propagation
network is multilayer network consists of three layers
the input layer, the hidden layer (s) and the output
layer. The network thus consists of three input neu-
rons, three output neurons. To determine the hidden
neurons several structures with different number of
neurons are considered for best configuration [15].

2.5 Designing Training and Testing of Neural
Network

The three stir casting parameters which have sig-
nificant effect on output parameters were taken as in-
put parameters in ANN model and hardness, ultimate
tensile strength and yield strength are taken as output
parameters. The data for training and testing is ob-
tained from the 27 experiments conducted as per the
design of experiments. From a total of 27 experiments
18 experiments (two third) are selected for training and
9 experiments (one third) for testing. The schematic
diagram of the ANN model is shown in Fig. 1. The ex-
perimental and predicted results were plotted as shown
in Fig. 2 and Fig. 3.

3. RESULTS AND DISCUSSION

In present work mechanical properties of carbon re-
inforced Al20s and B4C rein- forced composites fabri-
cated using stir casting were studied and predicted
using back propagation neural network. The prediction
of the mechanical properties was performed for tensile
strength and hardness. A close relation is recorded be-
tween testing and validation from the modelling results
as shown in Fig. 4 .The effect of process variables on me-
chanical properties of the composites is discussed below.
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Fig. 2 —Actual versus ANN predicted results for UTS

3.1 Effect of Percentage Reinforcement on
Mechanical Properties of the Composite

The increase in carbon percentage resulted in the
increase in the increase in tensile and hardness of the
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composite. This can be attributed to de-agglomeration.
and fine distribution of the reinforcement resulted in
the increase in density and fine mechanical properties
of the composites.
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Fig. 3 — Actual versus ANN predicted results for hardness
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Fig. 4 — Testing, training and validation of the model

REFERENCES

1. I. Estrada-Guel, C. Carren’o-Gallardo, D.C. Mendoza-Ruiz,
M. Miki-Yoshida, E. Rocha-Rangel, R. Mart inez-S anchez,
J. Alloys Compd. 483 No 1-2, 173 (2009).

2. F.Tang, L.LE. Anderson, T. Gnaupel-Herold, H. Prask, Mater.
Sci. Eng. A 383 No 2, 362 (2004).

3. B. Torres, M. Lieblich, J. Ib’an”ez, A. Garci’ea-Escorial,
Scripta Mater. 47 No 1, 45 (2002).

4. R.Jamaati, S. Amirkhanlou, M.R. Toroghinejad, B. Niroumand,
Mater. Charact. 62 No 12, 1228 (2011).

5. R. Singh, M. Shadab, A. Dash, R.N. Rai, J. Brazilian Soc.
Mech. Sci. Eng. 41 No 2, 98 (2019).

6. Manu Khare, Ravi Kant Gupta, Bhuvnesh Bhardwaj, SAE
Int. J. Mat. Manuf. 13 No 3, 372 (2020).

7. Manu Khare, Ravi Kant Gupta, and Bhuvnesh Bhardwaj,
Mater. Res. Express 6 No 12, 126512 (2019).

8. Manu Khare, R.K. Gupta, S.S. Ghosh, Mater. Res. Express
6, 126512 (2019).

J. NANO- ELECTRON. PHYS. 13, 02010 (2021)

3.2 Effect of Stirring time on Mechanical
Properties of the Composite

There 1s slight variation in the mechanical proper-
ties of the composite due to change in the stirring time
this might be due to reduction in the density of with
further formation of the Journal web-version and data
transfer to the abstract databases, which index our
Journal sample caused by more porosity absorption due
to reinforcement incorporation. Similar behavior is ob-
served by [16].

3.3 Effect of Melt Temperature on Mechanical
Properties of the Composite

The melt temperature has significantly affected the
properties of the casting. The variation in melt temper-
ature has changed the UTS and hardness of the compo-
sites as shown in Table 4.

4. CONCLUSIONS

e In this study stir casting is used for fabrication of
carbon reinforced Al 7075/Al203/B4C metal compo-
site. The mechanical properties viz. UTS and hard-
ness are evaluated on the experimental data. ANN
model has been developed based on LMA — neural
network algorithm to predict these properties. 85 %
of these data is used for training and 15 % of the da-
ta is used or testing.

e The architecture of the model is LMA with back
propagation. The model after successful training
can be used to predict various mechanical proper-
ties like elongation and abrasive wear resistance of
the composites.

e Predictive modelling using ANN 1is in good agree-
ment with experimental results using training, test-
ing and validation. Using the present model for
composite design will reduce large experimental
work and cost by optimizing the process parameters.

9. M. Kok, K. O"zdin, J. Mater. Proc. Technol. 183 No 2-3,
301 (2007).

10. M.K. Surappa, S.V. Prasad, P.K. Rohatgi, Wear 77 No 3,
295 (1982).

11. N. Sinan Koksal, Computat. Mater. Sci. 47 No 1, 86 (2009).
12. Trilok Gupta, K.A. Patel, Salman Siddique, Ravi K. Sharma,
Sandeep Chaudhary, Measurement 147, 106870 (2019).

13. Muhammad Hayat Jokhio, Muhammad Ibrahim Panhwer,
Mukhtiar Ali Unar, arXiv:1605.09691 (2016).

14. Hamid Khayyam, Minoo Naebe, Omid Zabihi, Reza Zamani,
Stephen Atkiss, Bronwyn Fox, IEEE Trans. Ind. Inform.
11 No 4, 887 (2015).

15. S. Sivasankaran, R. Narayanasamy, T. Ramesh, M. Prabhakar,
Computat. Mater. Sci. 47 No 1, 46 (2009).

16. Mohammad Raei, Masoud Panjepour, Mahmood Meratian,
Russ. J. Non-Ferr. Met. 57 No 4, 347 (2016).

02010-3


https://doi.org/10.1016/j.jallcom.2008.07.190
https://doi.org/10.1016/j.msea.2004.05.081
https://doi.org/10.1016/j.msea.2004.05.081
https://doi.org/10.1016/S1359-6462(02)00095-7
https://doi.org/10.1016/j.matchar.2011.10.008
https://doi.org/10.1007/s40430-019-1593-2
https://doi.org/10.1007/s40430-019-1593-2
https://doi.org/10.4271/05-13-03-0022
https://doi.org/10.4271/05-13-03-0022
https://doi.org/10.1088/2053-1591/ab546a
https://doi.org/10.1088/2053-1591/ab546a
https://doi.org/10.1088/2053-1591/ab546a
https://doi.org/10.1016/j.jmatprotec.2006.10.021
https://doi.org/10.1016/j.jmatprotec.2006.10.021
https://doi.org/10.1016/0043-1648(82)90055-2
https://doi.org/10.1016/0043-1648(82)90055-2
https://doi.org/10.1016/j.commatsci.2009.06.018
https://doi.org/10.1016/j.measurement.2019.106870
https://arxiv.org/abs/1605.09691
https://doi.org/10.1109/TII.2015.2434329
https://doi.org/10.1109/TII.2015.2434329
https://doi.org/10.1016/j.commatsci.2009.06.013
https://doi.org/10.3103/S1067821216040088

MANU KHARE, RAVI KANT GUPTA J. NANO- ELECTRON. PHYS. 13, 02010 (2021)

Brouiue mapameTpiB nmpoiiecy JUTTA 3 MepeMillyBaAHHAM HA MEXaHiYHI BJIaCTUBOCTI
aJIIOMiHi€eBUX MATPUYHHX KOMIIO3UTIB: eKCII€PUMEHTAJIbHE JTOCisKeHHA
Ta MPOrHOCTHUYHE MOEII0OBAHHS

Manu Khare, Ravi Kant Gupta
Manipal University Jaipur, Jaipur, Rajasthan, India

V pobGori mrryuna HeiiponHa mepeska (ANN) BUKOPHCTOBYETBCS 71 MOIEJIIOBAHHS CKJIAIHOI IIPHUPOIU
KOMIIO3UTIB, AKI MAalOTh HEJIHIMHY 3aJIeKHICTD BiJ IIapaMeTpPIB IIPOIIECIB, 0 BILIMBAKTE HA IX BJIACTHBOCTI.
ExrcnepuMenTn mpoBoawu 3 piSHHMU KOHTPOJILOBAHUMU BX1THUMU IIapaMeTpaMU, TAKUMU SIK TeMIepaTy-
pa IIaBJIeHHs, BIICOTOK apMyBaHHS Ta TeMIlepaTypa IITaMIa, 1 BUBYAJIX IX BILIMNB Ha MEXaHIUHI XapakTe-
PUCTHKY AJIOMIHIEBUX MATPUYHUX KOMIIO3UTIB, BUTOTOBJIEHHUX 34 JOIOMOIOK JIUTTSI 3 IEePEeMiIlyBaHHSIIM.
JI71s1 IpOrHO3yBaHHSA BJIACTUBOCTEN KOMIIO3UTIB 3aCTOCOBYBan ayiroputm Jlesenbepra-Mapksapara. Po6ora
MATBEPIIKYE, 0 HEMPOHHA Mepeska y moeqHaHHI 3 aaropurMoM Jlesenbepra-MapkBapara € HaIIMHUM Me-
TOJIOM 3 BHCOKUM DPIBHEM TOYHOCTI JIJISI IIPOTHO3YBAHHS MEXAHIYHUX BJIACTUBOCTEN KOMIIO3UTIB, BUTOTOBJIE-
HUX 34 JOIIOMOT0I0 JINTTS 3 IePEMIIITyBaHHAM.

Knrouogsi ciosa: Kommosuriitai marepianu, Kepamiume apmysanus, Al:Os, B4C, Yopuwuit Byrierns, ANN,
MaTemaTraHe MOETIOBAHHA.
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