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Abstract 

This paper involves the optimisation of the process parameters for the 

aluminium/alumina/graphite hybrid metal matrix composite to obtain the least 

wear rate during dry sliding process. The tribological properties of the 
composite have been studied and discussed. Experiments were carried out using 

pin-on-disc tribometer by varying the parameters such as load, velocity, 

distance & the alumina composition of the composite and the wear rate for each 

input configuration was calculated. Using this empirical data, the regression 

equation was obtained using Artificial Neural Networks and this function was 

then optimised using Genetic Algorithm. The least wear rate was obtained for 

the composite with an alumina composition of 5 wt%. 

Keywords: Dry sliding, Tribology, Metal matrix composites, Genetic algorithm,  

                          Artificial neural networks. 

 

 

1.  Introduction 

After the industrial revolution, there has been a growing interest in Metal Matrix 

Composites since they possess better mechanical properties when compared to 

monolithic materials. MMCs have added advantages compared to the base material 

due to the presence of the reinforcements. This provides the advantage of the 

composites covering any weakness that a particular metal matrix may contain. Of the 

various metals that are used in making composites, aluminium is the most popular 

base metal because of its abundance and usage in various engineering applications.   

Aluminium has a good thermal conductivity, less density and a high strength 

to weight ratio. In addition, the aluminium matrix can also be shaped such that it 

allows for a wide range of materials to be added to it. Upon adding the material, 
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Metal Matrix Composites 

the strength, stiffness, density and thermal/electrical conductivity of the 

composites improve considerably [1, 2]. Of the many reinforcements, graphite is 

a popular material since it acts a solid lubricant and reduces the wear of the 

composite [3-5]. Addition of graphite in the aluminium matrix makes it 

considerably soft, so a harder material is usually added to compensate. Alumina is 

one such material that is very hard and when added to the matrix, it increases the 

strength and stiffness of the composite. These composites despite its advantages 

need to be tested thoroughly before implementing it in industries. In the case of 

applications that involve physical contact between materials, there is considerable 

dry sliding wear that occurs even with the availability of lubricants. Hence dry 

sliding wear study becomes crucial in the evaluation of such materials. Various 

dry sliding wear studies have been done for a variety of MMC’s. A study on the 

sliding wear behaviour of Al6016-garnet particulate composite shows that the 

wear resistance is better when compared to the base material [6]. Another study of 

thermal and wear behaviour of Al6061/alumina metal matrix composites shows 

that the increase in alumina volume percentage decreased both thermal 

conductivity and friction coefficient and hence increased the transition 

temperature from mild to severe wear during dry sliding wear test [7]. 

From the various studies on dry sliding wear of aluminium composites, 

effects of reinforcement size, volume fractions and morphology on the wear rate 

can be observed [8]. Similarly, effects of various operation parameters on the 

dry sliding wear have been discussed in previous studies. One such analysis of 

the influence of load and temperature on the dry sliding wear behaviour of 

Aluminium–Ni3Al composite shows that the wear resistance decreased with 

increasing load and with an increasing fraction of reinforcement Ni3Al particles 

[9]. Hence optimizing the input process parameters becomes crucial in reducing 

the wear rate. There are various methods such as the Fuzzy logic, the Taguchi 

optimisation, Ant-colony optimisation, Hill climbing algorithm, Genetic 

Algorithm, etc. that can be employed for optimisation. But very few 

optimisation techniques use evolving algorithms that provide optimal solutions 

within a range of data. GA optimisation is one such technique that involves 

extensive mutation and recombination to arrive at the global minimum value 

[10]. GA requires an optimisation function that represents the empirical data in 

the form of a relation between the input parameters and the responses [11]. 

Among the techniques that can be used to derive a linear relationship among the 

empirical data, Artificial Neural Networks is found to be most effective in 

solving real life problems [12]. The ANN relation when used in combination 

with GA for optimisation produces well refined solutions [13, 14]. 

Based on the literature study, aluminium hybrid MMCs fabricated through 

liquid metallurgy route with varying percentage of alumina and 3 wt. % of 

graphite as reinforcements is used for dry sliding study. The alumina particles are 
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of size 15-20 microns and the size of the graphite particles are 50-70 microns. The 

influence of each of the process parameters on the response is analysed using 

hybrid ANN-GA technique. 

 

2.  Fabrication of Composites and Microstructural Examination 

The composite specimens (Al/3%alumina/3%graphite, Al/6%alumina/3%graphite 

and Al/9%alumina/3%graphite) are fabricated using stir casting technique. 

Aluminium alloy is heated to a temperature of 750°C and preheated 

reinforcements are added to the matrix. The molten metal is then poured in the 

mould to obtain composite samples.  

Optical micrograph of composite specimen (Al/9%alumina/3%graphite) 

showed uniform distribution of alumina and graphite particles in the aluminium 

matrix (Fig.1).  

 

Fig. 1. Optical micrograph of Al/9%alumina/3%graphite composite. 
 

3.  Experimental Setup 

Wear studies are conducted using a pin-on-disc tribometer (Fig. 2) as per 

ASTM G99-04 standard to investigate the dry sliding wear characteristics. 

Specimens of 10 mm diameter and 30 mm length are machined from the 

composite bar with smooth and flat surface to permit accurate determination of 

wear rate. Each specimen is polished metallographically to obtain an average 

surface roughness value of 0.8 µm, thoroughly cleaned with acetone solution, 

dried and then accurately weighed using a single pan electronic weighing 

machine with an accuracy of 0.0001 g.  Experiments are conducted at varying 

applied loads (20, 30 and 40 N), sliding velocities (1.5 m/s, 2.5 m/s and 3.5 m/s) 

and sliding distances (500 m, 1000 m and 1500 m) for three different 

compositions (Table 1).  
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Fig. 2. Pin-on-disc tribometer. 
 

During the test, the pin is pressed against a rotating EN32 steel disc with a 

hardness of 65HRC by applying load that acts as counterweight and balances the 

pin. The load on sample is applied by means of a hydraulic system and pressure 

on the specimen is increased by increasing the load. When contacting surfaces 

move relative to each other, friction between the two surfaces converts kinetic 

energy into thermal energy, or heat. Surface area does not affect friction 

significantly, since force per unit area decreases with increase in contact area. All 

the specimens are tested with a same track of 100 mm diameter under a tangential 

force. The track distance is varied by varying the time of rotation. A Linear 

Variable Differential Transducer load cell on the lever arm helps to determine the 

wear at any point of time by monitoring the movement of the arm. Once the 

surface on contact wears out, the load pushes the arm down to maintain contact 

with the disc and the movement of the arm generates a signal. The LVDT which 

is connected to the computer receives this signal and consolidates the data from 

load cell to obtain maximum wear and coefficient of friction. At the end of each 

test, the specimen is removed, cleaned with acetone and weighed again to 

determine the volumetric wear rate. Difference between the initial and final mass 

of the pin gave the mass loss due to sliding wear. Wear volume loss is calculated 

using the corresponding density values of the specimen. Wear rate of the 

composite pins is then calculated (wear volume loss/sliding distance). 

 

Table 1. Parameters and their levels. 

Levels Load (N) 
Velocity 

(m/s) 
Distance (m) Alumina composition (wt.%) 

1 20 1.5 500 3 

2 30 2.5 1000 6 

3 40 3.5 1500 9 
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4.  Optimisation 

Wear loss, a crucial parameter can be reduced by controlling the input parameters. 

Since the four parameters involved have varying effect on the wear rate of the 

specimen, there occurs a need for optimisation of the parameters. The empirical 

data consists of a set of 81 experiments by varying the four input parameters in 

three levels and the wear rate is calculated for each set. This data was used to 

create an ANN with a 3-10-1 architecture (3 input layers, 10 hidden layers and 1 

output layer). The data is initially normalised using Eq. (1) to avoid skewing and 

to prevent the dominance of one parameter over the other.  

� =
(������)(
�
���)

(������)
+��
�                (1)

   

Back propagation feed forward technique involving Levenberg-Marquardt 

algorithm is considered in order to train the data set, as the algorithm is best 

suitable for a small data set and a less complex network. The data is split as 70% 

for the training stage, 20% for the validation stage and 10% for the testing stage. 

The network is trained and retrained by trial and error method until a satisfactory 

regression is obtained. The network output is shown in Table 2. 

Table 2. Empirical data and artificial neural network output. 

Load  

(N) 

Velocity 

 (m/s) 

Distance  

(m) 

Alumina  

composition  

(wt.%) 

Experimental  

wear rate 

(mm3 /m)×10-3 

Network 

output  

(mm3 /m) ×10-3 

20 1.5 500 3 1.9090 2.1051 

20 1.5 1000 3 2.3138 2.0522 

20 1.5 1500 3 2.3596 2.2490 

20 1.5 500 6 5.5404 5.3449 

20 1.5 1000 6 4.2585 4.3585 

20 1.5 1500 6 3.7663 3.8633 

20 1.5 500 9 4.6755 4.9168 

20 1.5 1000 9 3.5481 3.1251 

20 1.5 1500 9 3.1184 3.1777 

20 2.5 500 3 5.8104 5.1719 

20 2.5 1000 3 2.5865 3.9154 

20 2.5 1500 3 2.1550 2.2031 

20 2.5 500 6 1.8466 1.9709 

20 2.5 1000 6 2.1949 0.7374 

20 2.5 1500 6 2.0817 2.1115 

20 2.5 500 9 3.1756 3.2863 

20 2.5 1000 9 2.9346 3.9695 

20 2.5 1500 9 2.6635 2.7283 

20 3.5 500 3 1.0624 1.0662 

20 3.5 1000 3 1.2646 2.0390 
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20 3.5 1500 3 1.4407 3.1382 

20 3.5 500 6 1.2693 1.3566 

20 3.5 1000 6 2.0625 2.0670 

20 3.5 1500 6 1.9949 1.8805 

20 3.5 500 9 3.1414 3.9978 

20 3.5 1000 9 2.6064 4.2823 

20 3.5 1500 9 2.2827 2.3176 

30 1.5 500 3 4.8503 4.8850 

30 1.5 1000 3 4.8414 4.4283 

30 1.5 1500 3 4.8978 4.9473 

30 1.5 500 6 2.3296 2.4886 

30 1.5 1000 6 2.1781 2.3473 

30 1.5 1500 6 2.5027 2.4923 

30 1.5 500 9 5.5807 5.2065 

30 1.5 1000 9 4.8393 5.2255 

30 1.5 1500 9 4.5035 4.4630 

30 2.5 500 3 3.5910 4.0969 

30 2.5 1000 3 3.2405 3.3196 

30 2.5 1500 3 3.0021 2.8966 

30 2.5 500 6 3.7784 3.8460 

30 2.5 1000 6 3.2347 2.9797 

30 2.5 1500 6 2.9704 2.2999 

30 2.5 500 9 3.9480 3.9333 

30 2.5 1000 9 3.6266 4.6779 

30 2.5 1500 9 3.5092 3.9051 

30 3.5 500 3 1.9607 1.8373 

30 3.5 1000 3 2.8739 2.9977 

30 3.5 1500 3 3.5364 3.4808 

30 3.5 500 6 2.9892 2.8744 

30 3.5 1000 6 3.6556 3.6638 

30 3.5 1500 6 3.4637 2.0024 

30 3.5 500 9 2.4248 3.0300 

30 3.5 1000 9 2.5686 2.6216 

30 3.5 1500 9 2.7857 2.7406 

40 1.5 500 3 6.4765 6.4053 

40 1.5 1000 3 5.8478 5.9224 

40 1.5 1500 3 5.4517 5.4116 

40 1.5 500 6 4.2374 4.3513 
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40 1.5 1000 6 4.8074 5.3144 

40 1.5 1500 6 4.8836 4.7185 

40 1.5 500 9 4.1463 4.1538 

40 1.5 1000 9 4.2601 5.4940 

40 1.5 1500 9 4.3286 4.3655 

40 2.5 500 3 4.5776 4.3506 

40 2.5 1000 3 2.8280 3.7954 

40 2.5 1500 3 2.5878 2.7844 

40 2.5 500 6 3.3050 2.7826 

40 2.5 1000 6 2.9989 2.8883 

40 2.5 1500 6 3.1409 3.1466 

40 2.5 500 9 4.9052 4.8123 

40 2.5 1000 9 3.7553 3.8760 

40 2.5 1500 9 3.8469 3.8981 

40 3.5 500 3 2.6639 2.6948 

40 3.5 1000 3 3.9003 2.8759 

40 3.5 1500 3 4.4545 4.2951 

40 3.5 500 6 2.7997 2.8111 

40 3.5 1000 6 3.3808 3.5055 

40 3.5 1500 6 3.3326 3.3430 

40 3.5 500 9 5.0270 4.9438 

40 3.5 1000 9 2.3399 2.5249 

40 3.5 1500 9 2.3522 2.2804 

 
The output to the above network is obtained as shown in Eq. (2). 

Output of neural network = purelin((L.W * tansig((I.W*I) + b1)) + b2)              (2)

    

where, I.W, b1 and L.W, b2 are the transfer weights and bias of input and 

output layers respectively. The purelin and tansig functions are used to obtain the 

best possible regression equation when using the Levenberg-Marquadart 

algorithm in network creation. 

The network is then taken as the fitness function for optimisation in GA to 

produce the desired optimised output. In GA, an initial population of size 100 was 

selected using a “tournament” selection function of size 4. “Tournament” selection 

function is chosen to provide randomness in the selection of the initial population. 

After the iterations are completed, the final solution has to be de-normalised to their 

original values using Eq. (1). This output is the final optimised solution. 

5. Results and Discussion 

The objective of this paper is to obtain the least wear rate by controlling the input 

parameters such as load, distance, velocity and composition of the material. A set 
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of 81 experiments are conducted by varying the input parameters and the wear 

rate is calculated. The linear equation representing the empirical data is created 

using the ANN technique. The ANN, constructed with the 3-10-1 architecture 

produced an overall regression of 0.9046 (Fig. 3). 

 

 
Fig. 3. Overall regression. 

 
The regression (R value) would be equal to unity when all the inputs follow a 

linear relationship. The R value reduces progressively as the magnitude of 

deviation from the target increases. The drop in the R value can be evidently 

understood with the error histogram (Fig. 4). It represents the deviation of the 

neural network output value from the desired target value.  

` 

 
Fig. 4. Error histogram. 

 
The deviations in the ANN output can be attributed to the randomness of the 

experimental conditions. Perfect linearity can never be replicated in practical 

situations. Although there is a large deviation from the target value, it occurs in 
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very few instances. The network is then fed into GA as the fitness function and 

this network is optimised to produce minimum wear rate. The genetic algorithm 

produced a single best optimum solution after 51 generations (Table 3). 

 

Table 3. Genetic algorithm optimum solution. 

Load 

(N) 

Velocity 

(m/s) 

Distance 

(m) 

Alumina 

Composition 

(wt.%) 

Wear Rate 

(mm
3
/m)×10

-3
 

33.8372 2.0532 1499.9955 5.4944 4.4092 

 

From the solution it can be inferred that a minimum wear rate of 4.4092 x 10-3 

mm
3
/m occurs for the load, velocity, distance and aluminium composition as 

given in the Table 3 for a range within the levels chosen. 

Figure 5 shows the micrograph of worn out surface of composite sample for 

the optimised condition. Shallow grooves are formed by the reinforcing particles 

and it indicates that the removal of material from the pin surface (composite 

sample) is minimum. The mechanism of wear here is mild adhesive wear. There 

is delay in transition from mild wear to severe wear due to the presence of 

graphite particles in the matrix as this acts as self-lubricant. 

 

 
 

Fig. 5. Worn out surface of composite specimen. 

 

6.  Conclusions 

In this work, the wear test for specimens made out of AlSi10Mg alloy reinforced 

with varying composition of alumina and 3wt. % graphite is done. The operating 

parameters are optimised for a minimum wear in the test specimen. The results 

show that minimum wear rate is achieved for an alumina composition of 5.49%. 

This is advantageous as generally 9 wt. % alumina reinforcement is required for 
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good wear characteristics and for the considered level of parameters a wt. % less 

than this has better wear characteristics. Also, for this minimum wear rate the 

distance is found to be 1500 m. This is because of the natural lubrication provided 

by the graphite in the material that forms a layer between the specimen and disc. 

The velocity of 2.05 m/s produced this least wear, which can be justified by the 

fact that lubrication for velocities much lower or greater than this one proves to be 

insufficient in mitigating the wear loss. Generally, the wear tends to be directly 

proportional to the load applied. But the least wear is obtained for a load of 

33.8372 N, which is intermediate. This is due to the combined effect of the other 

parameters involved during the dry sliding wear test. 
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