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This research evaluates adaptive and statistical techniques to enhance the wear behaviour of A356 

metal matrix composites supplemented by nanoparticles of TiO2 and SiC. The composites were 

created by the stir casting technique, and their wear behaviour was studied using a pin-on-disc 

device. Scanning electron microscopy (SEM) analysis confirmed an even distribution of 

strengthening particles over the A356 aluminum matrix surface. This research revealed that the 

addition of these SiC and TiO2 nanoparticles to composites resulted in a more refined particulate 

structure in the end product. For an examination of the composites' wear behaviour in contrast to 

basic alloy, the data was optimized using the Taguchi approach and Improved particle swarm 

optimization (I.P.S.O.) algorithm. The findings indicated that speed, applied load and sliding 

distance significantly influenced the rate of wear for the base alloy matrix, A356 containing 3% 

TiO2 nanocomposite, and A356 containing 3% SiC nanocomposite, correspondingly. Composites 

using nanoparticles of SiC and TiO2 have much improved tribological characteristics.  
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1. Introduction 

One kind of composite material is the aluminium metal matrix composite (AMMC), which is 

composed of an aluminium matrix reinforced with different types of particles or fibers. The 

excellent strength-to-weight ratio of these composites makes them useful in an extensive 

range of aeronautical, automotive, and industrial applications. Ceramic particles like SiC, 

B4C, Al2O3, ZrB2, TiO2, Si3N4, etc., are one of many possible materials for the 

reinforcement particles utilized in AMMCs [1–13]. It is important to consider the intended 
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usage and qualities of the composite when choosing the reinforcing material. Multiple 

techniques, including hot pressing, powder metallurgy, and stir casting, are available for the 

production of AMMCs. For reinforcement, a common technique is stir casting, which entails 

combining molten aluminium with fibers or particles, and then pouring the mixture into a 

mold to harden. When compared to alternatives like powder metallurgy and hot pressing, this 

process has several benefits. The low production costs are a major selling point of stir 

casting. This process for making AMMCs is easy, cheap, and doesn't need any specialized 

tools or extreme temperatures. This lowers the barrier to entry for many firms, particularly 

those working with smaller batches. Stir casting also makes it possible to use inexpensive 

and easily accessible reinforcing components like metal and ceramic particles, which 

contributes to the cheap manufacturing cost. The reinforcing particles or fibers may be well 

mixed with the aluminium matrix during the stir casting process, which is an additional 

benefit [14–16][43]. Achieving constant mechanical qualities in the end product relies on a 

homogeneous distribution of reinforcement across the composite, which is achieved in this 

way. The ability to maintain a constant level of product quality throughout time is another 

advantage for manufacturers. Since stir casting is not too complicated, it is easy to increase 

production volumes without compromising quality. Because of this, it is perfect for use in 

manufacturing. 

Stir casting also makes it possible to customize the composite's characteristics to a certain 

application by allowing the user alter the volume proportion of reinforcing particles or fibers. 

Factors such as the process of composite production, the size, type, and volume proportion of 

reinforcing particles or fibers affect the attributes of AMMCs [16]. Most of the time, 

AMMCs have better mechanical characteristics than pure aluminium matrices, including 

greater strength, modulus, as well and toughness. The properties of AMMCs, such as their 

high modulus, minimal thermal expansion, and great wear resistance, make them extremely 

adaptable and potentially useful in many applications. High strength, low weight, and 

resistance to wear are all things that are often needed in the aircraft, automobile, and 

industrial businesses. The behaviour of aluminium metal matrix composite (AMMC) under 

various wear circumstances may be better understood with the use of a wear study. Given the 

importance of wear resistance in many industries, including automotive and aerospace, this 

data is critical for assessing AMMC's potential use in these sectors. To further enhance 

AMMC's wear resistance, the wear study aids in determining the ideal matrix and reinforcing 

material combination. Furthermore, it may provide light on wear processes, which can lead 

to the creation of novel approaches to enhancing AMMC's resistance to wear [17–20]. The 

impact of SiC on the mechanical and microstructural characteristics was studied by Surya et 

al. [21] after they used a powder metallurgy process to create an Al7075/SiC composite. The 

primary effects of SiC particle clustering on hardness and impact strength values have been 

determined. A hardness value of 15 wt.% was found to be ideal. The impact of adjusting the 

temperatures for sintering and reinforcement on the properties of AA6061/SiC composites 

was studied by Surya et al. [22]. Incorporating 15% SiC particles into the composites during 

sintering at 406 degrees Celsius resulted in improved hardness. 

Engineering has found numerous uses for PSO, including optimizing the tribological wear 

behaviour of metal matrix composites (MMCs). Multi-material composites (MMCs) include 

metal, ceramic, or polymer particles embedded in a metal matrix. Their low density, great 
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wear resistance, and high strength make them ideal for a number of industrial uses. Selecting 

the ideal mix of material qualities and manufacturing settings is a difficult task when trying 

to optimize the tribological wear behaviour of MMCs. When it comes to material scheduling 

solutions, however, the fundamental PSO algorithm does have a few limitations. In the 

beginning, PSO starts with a randomly generated group of particles called an "initial swarm." 

If the initial swarms are not spread out properly in the search region, it will not only make it 

harder to find the global optimal solution in three-dimensional space, but it will also have a 

direct effect on the stability of the algorithm [23][31][33][38][44]. However, when faced 

with complicated issues like material optimization, the PSO algorithm may easily get stuck 

in local optima as a result of random variations or constant inertial weights [24][35][40]. We 

provide an improved PSO (I.P.S.O) method that fixes the previous version's issues and 

makes the process adaptive by optimizing the initial swarm using the good point set 

approach. The inertial weights are then dynamically adjusted using the adaptive function to 

improve the algorithm's convergence. 

The optimization of metal matrix composites' tribological wear behaviour using IPSO 

methods has many advantages, such as a global search capability, efficiency, dependability, 

flexibility, and the capacity to tackle optimization issues with multiple objectives [25]. For 

these reasons, IPSO is an appealing optimization approach for enhancing the functionality of 

MMCs in a wide range of engineering domains. 

2. Related Works 

In their study, Blaža et al. [26] used optimization approaches to examine the nanocomposite's 

wear rate after fabricating an A356 aluminium alloy metal supplemented with Al2O3 by 

means of the compo-casting process. The outcomes showed that RSM and P.S.O techniques 

were the most effective in obtaining the process parameter with the lowest wear rate, with an 

error margin of less than 10%. With a load of 100N, a speed of 1 m/s, and 0.44 wt.% Al2O3, 

the best results were achieved. Based on statistical analysis, they [27] optimized the wear 

parameters utilizing liquid metallurgical technique. The best combination of sliding distance 

(m), load (N), and SiC content (%) for minimizing wear loss in composites was found to be 

7.5% SiC, 10 N. The SEM analysis, however, proved that the formation of deep grooves was 

due to the high weight percentages of hard reinforcements. Furthermore, it demonstrated 

enhanced matrix-reinforcement bonding. This research examined the dry sliding wear 

characteristics of the SiC-reinforced LM13 aluminium alloy using Design of Experiment 

Methodology proposed by Taguchi. Applying a weight had the greatest influence, followed 

by reinforcement, sliding speed, and distance, as shown by ANOVA results [28]. The 

tribological behaviour of the AA7075/SiC composite material was studied by Surya et al. 

[29] employing ANN and ANOVA methodologies. Findings show that applied force, sliding 

distance, and weight % SiC content are the variables most strongly influencing results. The 

results of the ANN study showed a very low error rate. There was an appearance of 

consistency between the model's estimates and the actual results. In [30], they used the stir 

casting technique to make a hybrid composite (Al6351 + Al2O3 + TiO2) and then adjusted 

the wear process parameters with the help of ANOVA and TOPSIS. During testing, the 

quantity of composite material that was worn away was influenced differently by load and 

reinforcement, according to the ANOVA findings. In contrast, TOPSIS results indicated that 

the sample containing (Al6351 + 10wt.% Al2O3 + 10wt.% TiO2) would exhibit the least 
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amount of wear. In [28], they enhanced wear process characteristics of an Al7075 + SiC + 

Al2O3 hybrid composite by using a statistical analysis technique. Research has shown that 

the wear rate and coefficient of friction are significantly affected by the weight % of 

reinforcing particles. In the first situation, we found that 7.5 wt.% SiC, 10N load, and 500 m 

distance resulted in lowest wear loss and coefficient of friction. In the second case, we found 

that 2.5 wt.% SiC, 30N load, and 1000 m distance produced best results. The results of the 

literature review indicate that there has been a lack of comparative exploration into the 

effects of various reinforcements on microstructure and wear behaviour up until recently. A 

consideration has been given to this particular aspect of the situation. Consequently, two 

different types of nano MMCs were prepared for this study using the stir casting process. 

One type had an A356 matrix with three weight percent SiC reinforced particles, while the 

other kind had TiO2 reinforced particles. Both an analysis of variance (ANOVA) along with 

the IPSO technique were used to research and assess the best configurations for the wearing 

process parameters. 

3. Materials and Methods 

In this study, SiC and TiO2 nanoparticles were used, with A356 serving as the basic alloy 

matrix. Characteristics of silicon carbide (SiC) nanoparticles include a low thermal 

expansion coefficient, excellent wear resistance, high purity, and strong thermal 

conductivity. But titanium dioxide (TiO2) nanoparticles have properties including being 

strong, resistant to wear, and having minimal toxicity. For the reinforcement components, 

these were chosen. In A356 you may find the following alloying elements: Zn-0.02, Mg-

0.45, Cu-0.04, Fe-0.22, Si-7.1, Ti-0.1, and Al-balanced [32]. A356 is a popular aluminium 

alloy for high-performance uses due to its excellent corrosion resistance and high strength-

to-weight ratio. By incorporating reinforcing components into the aluminium alloy, the 

alloy's mechanical properties, including rigidity, strength, and resistance to wear, may be 

further improved. In metal matrix composites (MMCs), reinforcing materials such as silicon 

carbide (SiC) and titanium dioxide (TiO2) are often used. To increase A356's resistance to 

wear, SiC is a great material to use because of its high melting point, strength, and hardness. 

In order to enhance the characteristics of MMCs in high-temperature applications, TiO2 is an 

excellent choice since it is not only hard and strong but also resistant to thermal shock and 

lightweight. Because of this, it is perfect for uses in the aerospace and military sectors that 

need top performance even when subjected to extreme environments. 

3.1 Fabrication Process 

Making composites from a combination of two or more components in a liquid solvent is 

possible using the stir-casting (Make: Swam Equip) technique. By incorporating SiC and 

TiO2 nanoparticles into a base alloy matrix, this approach is used to fabricate a kind of 

nanocomposite materials. The first thing that needs to be done is to heat the TiO2 and SiC 

nanoparticles through 450oC. Before being stir-cast, the nanoparticles must be well diverse 

with the A356 alloy matrix. In order to achieve desirable improvements in qualities like 

strength and stiffness, it is crucial to thoroughly disseminate the nanoparticles completely in 

the base the matrix material. After melting base alloy, add nanoparticles and stir to combine. 

The speed at which the stirrer is set is 650 ± 25 rpm. To confirm that the nanoparticle is 

evenly distributed throughout base matrix material, this speed was selected. It is also 
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possible that the rapid speed of the stirrer supports to avoid any clump of the nanoparticles, 

which may have a detrimental influence on the qualities of the composite material that is 

ultimately produced. A cylindrical mold chamber measuring (25 mm*150 mm) is used to 

cast the molten material together with nano SiC and TiO2 particles after the appropriate 

quantity of stirring has been applied. The term for this method of molding the material into 

the required shape is casting. The generated composites were designated as S-0 for the basic 

alloy matrix, S-1 for theA356/3 wt. percent nanoTiO2 composite, and S-2 for the A356/3 wt. 

percent nano SiC composite.  

3.2 Morphological Study 

In this phrase, the steps for preparing and evaluating stir-casting composite material samples 

are explained. To start, we need to get the samples ready by grinding them using a belt 

grinder and abrasive sheets of varying grits. This process evens out the samples' surfaces and 

gets rid of any rough spots. Disc polishers embedded with 1.5 μm of diamond paste are then 

used to polish the samples. To get a surface smooth enough for microstructural analysis, this 

procedure is carried out. The glossy effect is achieved by the diamond paste's fine abrasive 

properties. In the last step, the samples that have been polished are etched using Keller's 

reagent, which is a combination of distilled water, hydrochloric acid, nitric acid, and 

hydrofluoric acid. The samples are cleaned in this way so that the grains of the substance 

may be seen. The atomic structure of a material may be revealed via etching, making it an 

essential tool for microstructure research. The next step is to analyse the materials' 

microstructural behaviour using ANOVA and hardness testing. 

3.3 Mechanical and Wear Behaviour  

The Vickers hardness tester was used to measure the hardness of the materials. To conduct 

the test, the composite sample were clamped down with a 100-g force for a duration of 15 

seconds. The Vickers microhardness of each specimen was obtained by taking an average of 

three separate readings taken at different locations. The Pin-on-Disc device was used to 

study the wear behaviour of nanocomposites. The ASTM G99 standard was followed 

throughout sample processing, and the counter disc was made of EN31 steel. The weight of 

each of the samples was compared before and after every tribo-test to estimate the wear rate. 

To remove any leftover residue from surface of counter disc, it was cleaned by acetone in 

among each experiment. Three samples were evaluated for each condition in the wear 

experiment, for a grand total of 81 samples, all conducted in dry sliding conditions. We 

evaluated wear behaviour under different weights, sliding. distances and speeds and 

performed traction experiments at room temperature.  

4. Experimental Design 

In experimental design, the Taguchi methodology is a tool for determining how different 

variables affect process quality or optimization effectiveness. Here, we used the method in a 

controlled environment, where we could change several variables to see how they affected 

the result. The L27 orthogonal array, a specific design employed in the Taguchi technique, 

was used to create the experiment. Reduce the number of iterations needed to find the ideal 

values of the components under study by using this array type. In Table 1 we can see the 

experimental layout for the three-level controllable variables. With a lower signal-to-noise 
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ratio being the primary goal, the 'Smaller is Better' approach was adopted to decrease the rate 

of wear. The signal-to-noise ratio (S/N) may be calculated using the Equation (1) formula: 

𝑆

𝑁
=  −10𝑙𝑜𝑔

1

𝑛
{∑ 𝑦2}                                         (1) 

Here, "y" represents the value of response, while "n" is the total test number. 

Table 1 Parameters Setting 
SI. No Factors Levell Level2 Level3 

1 Sliding Speed (m/s) 1 2 3 

2 Load(N) 10 20 30 

3 Sliding Distance(m) 500 1000 1500 

4.1 Improvement PSO Algorithm.  

An optimization technique known as Improved Particle Swarm Optimization (IPSO) finds 

the global optimum value of a function by simulating the behaviour of a swarm of particles 

as they move across a predetermined region. To solve the model, an enhanced PSO method 

is proposed. Firstly, the good point set optimizes the initial distribution of the particle swarm, 

which improves PSO search effect. Here, the adaptive dynamic functions are utilized to 

optimize the iterative process and the convergence effect. The second way is by optimizing 

the inertial weights.  

4.1.1. Initialization  

Good point setting is based on the following principle: set S-dimensional Euclidean space, 

𝐺𝑠 is a unit cube if 𝑟 ∈ 𝐺𝑠, the collection of points in 𝐺𝑠can be represented in Equation(2) 

𝑝𝑛(𝑘) =  {({𝑟1
𝑛 . 𝑘}, {𝑟2

𝑛 . 𝑘}, … , {𝑟𝑠
𝑛 . 𝑘}), 1 ≤ 𝑘 ≤ 𝑛}                    (2) 

The excellent point set is 𝑝𝑛(𝑘) if the deviation 𝜑(𝑛) of 𝑝𝑛(𝑘) is less than or equal to 

𝜑(𝑛) = 𝐶(𝑟, 𝜀)𝑛−1+𝜀, where 𝐶(𝑟, 𝜀) is a constant connected to 𝑟 and 𝜀 and 𝜀 >  0. 

Results produced by employing good point sets are much better than random approaches for 

point set objects with 𝑛 unknown disseminations, as shown in preceding theorem [34]. The 

good location set may better enable calculation of high-dimensional spaces since 𝜒(𝑛) is 

only connected to n for deviation, regardless of spatial dimensionality of the sample [36]. 

This quality of the excellent point set allows it to provide the IPSO algorithm a more suitable 

initial distribution approach. 

Assuming an initial IPSO algorithm with n parameters, a good point set PSO approach 

involves selecting n points in 𝑠-dimensional space to serve as the particles' starting positions. 

When 𝑝 is such that (𝑝 −  3)/2 ≥  𝑠, the lowest prime number, then 𝑟 is the good point, 

and this is shown in this research using the cyclotomic field approach, which is defined as 

𝑟 = {2 cos (
2𝜋𝜇

𝑝
) , 1 ≤ 𝜇 ≤ 𝑠}. Each and every one of the points in Equation (2) follows a 

normal distribution over the interval [0, 1]. The Equation (2) becomes like Equation (3) 

𝑥𝑖(𝑗) = (𝑢𝑏𝑗 − 𝑙𝑏𝑗). {𝑟𝑗
𝑖 . 𝑘} + 𝑙𝑏𝑗                                                   (3) 
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In Equation (2), the upper and lower boundaries of j dimensions are represented by 𝑢𝑏𝑗 and 

𝑙𝑏𝑗, respectively. Create an initial PSO distribution with a decent set of points between 0 and 

40 for 𝑠 <  3 and 𝑛 <  100. The distribution of data points under random circumstances is 

shown in Figure 1, whereas the distribution after using the circle tangent technique is shown 

in Figure 2. 

 

         Figure 1Random Distribution Figure 2 Cyclotomic field method-based Distribution 

If we compare the aforementioned application theorem with Figures 1 and 2, we can see that 

the random technique produces less evenly distributed particle points 𝜒(𝑛) for n particle 

objects whose distribution is uncertain. On the other hand, these particles point deviations 

produce more uniformly distributed particle points. Thus, the PSO algorithm's particle 

swarm distribution may be better allocated initially due to this excellent point set feature, 

leading to higher solution space coverage when developing a global particle solution. In 

addition, the excellent point set's allocation impact is constant for constant 𝑛, therefore it 

may provide the PSO algorithm a more stable initial swarm allocation scheme. 

4.1.2 Inertial Weights 

One of the most important things that determines the search results and the pace of 

convergence is the balance between global and local search skills, which are typically 

maintained via inertial weights [37]. Adaptive changes are made to the inertial weights of the 

PSO algorithm to address the issues of slower convergence with local optimality in 

complicated search environments. Hence, this work enhances the inertial weights in 

accordance with previous research [39] by dynamically adjusting the inertial weights 

according to the values of the goal function [37], which are stated as follows: 

The maximum and minimum inertial weights are denoted by 𝑤𝑚𝑎𝑥 and 𝑤𝑚𝑖𝑛, respectively, 

in the above equation. The objective function value for the current iteration is denoted by 𝑓, 
the minimum value by 𝑓𝑚𝑖𝑛, and the average value by 𝑓𝑎𝑣𝑔.  

Theoretically, it is shown that the goal function's initial weight value is set dynamically. 

Additionally, the global search ability is enhanced when the objective function value in the 

current iteration is greater than the average objective function value, and the inertial weight 
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value is set to its maximum. In response to swarm search feedback, the inertial weight value 

is lowered when the objective function value is less than the average objective function 

value, enhancing the local search ability.Compared to setting the inertial weights for the 

objective function at a fixed or random value, dynamic setting them is more beneficial for 

improving the algorithm's resilience and convergence when dealing with complicated issues. 

4.1.3 IPSO 

To address the issues with emergency material scheduling, we offer GP-APSO, an improved 

PSO algorithm that uses an adaptive function to set the initial weights and initializes the 

required particles with an even distribution of good point sets. The Pseudocode for improved 

PSO(IPSO) is given in in Algorithm 1. 

---------------------------------------------------------------------------------------------------------------- 

Algorithm 1 -Improved PSO 

Primary Initialization:There are N particles, s dimensions, n types of materials, z types of 

support points, m demand points, and m support points.  

1: while:In s-dimensional space, evenly disperse n particles using the set of excellent 

spots as a guide. 

2: A particle's location in the space may be determined using Equation (3). 

3: Initiation particle velocities created at random within a certain range  

4: Calculate the adaption values to find p-best and g-best when the termination 

condition is not satisfied:  

5: For  In allparticle, 

6: Evaluate the fitness of each particle. 

7: Determine fitness value. 

8: If the fitness does not provide a workable solution, 

9: Apply a severe penalty with a higher value. 

10: Make the present value to the new p-best  

11: For End 

12: Assign a value of "g-best" to the particle that has the highest fitness rating among all 

of them. Revise the velocities, locations, and weights of the particles:  

13: For all  Particles 

14: Determine particle weight 

 𝐼𝑓 𝑓𝑎𝑣𝑔  ≥ 𝑓 

 𝑤 = 𝑤𝑚𝑎𝑥 − (𝑤𝑚𝑎𝑥 −  𝑤𝑚𝑖𝑛 )  ×
(𝑓−𝑓𝑚𝑖𝑛)

𝑓𝑎𝑣𝑔−𝑓𝑚𝑖𝑛
 

𝐼𝑓 𝑓𝑎𝑣𝑔 < 𝑓  

𝑤 = 𝑤𝑚𝑎𝑥 

15: Update the particle locations and velocities 

16: End  

17: End while 

---------------------------------------------------------------------------------------------------------------- 
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5. Experimental Results 

5.1 Analysis on Hardness 

A Vickers microhardness test revealed a substantial improvement in the material's 

microhardness. A nanoparticulate-strengthened composite's hardness is higher than that of 

the A356 matrix alloy. To find the hardness of the material, we focused the force on a small 

area as well as controlled the dispersion density such that the load wouldn't rise over the 

indentation zone. Figure 3 shows that compared to the bare A356 matrix alloy, 

microhardness of the S-1 and S-2 is increased by the value of 52.19% and 42.27 %, 

respectively, with the inclusion of TiO2 and SiC nanoparticles. The increased hardness of the 

produced composites could have several causes. To start, nanoparticles have a greater 

hardness than the matrix alloy; hence, the overall hardness of the matrix is increased when 

these reinforcements are dispersed equally throughout. Second, the hardness values of the 

composites are increased because the hard ceramic particles increase the dislocation density 

of the matrix reinforcement interfaces [41]. Finally, addition of reinforcing particles made 

produced composites heavier. The hardness of the composites is directly proportional to their 

mass, as more mass causes densification [42]. 

 

Figure 3 Microhardness of Nanocomposites 

As can be seen in Figures 4 a, band c, the base alloy matrix contains equally distributed TiO2 

and SiC reinforcements. Achieving this outcome is important because grain refinement is 

directly related to the substance being distributed evenly throughout the grain. Grain refining 

has been improved as a result of the incorporation of reinforcing particles into the matrix. 

This is due to the fact that the reinforcing particles facilitate the formation of smaller grains 
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by acting as a barrier, which in turn prevents the growth of too large grains. A very robust 

reinforcement-matrix association exists. The development of big grains and grain size are 

both successfully halted by the spread of nanoparticles. The pinning effect is greater for 

smaller particles than larger ones. 

 

(a) S-0(b) S-1(c) S-2 

Figure 4 SEM micrographs ofnanocomposites 

5.2 ANOVA Analysis 

To ensure that all data collection was done in a controlled way, the experiment's testing 

parameters and their levels were calculated using the Taguchi standard (L27) orthogonal 

array. The effects of sliding speed, load and distance on the wear rate of S0, S1, and S2 

nanocomposites have been examined using analysis of variance. For the purpose of the wear 

rate analysis, "smaller is better" and "identical response" are selected as criteria. Tables 2,3 

and 4demonstrates the results of the analysis of variance. A 95% level of confidence was 

established for the analysis's results. The examination of the variance for the base matrix 

alloy A356 is shown in Table 2. We find that sliding distance is the most important factor 

affecting wear rate (63.11%), followed by Speed 16.41% and Load 14.17%. Table 3 shows 

that in an analysis of variance for A356+ 3wt.% TiO2 composite, the component with the 

most effect on the wear rate is the applied load (P = 41.71 %), while sliding speed has a 

34.45% impact and sliding distanceis16 % impact. Results for A356 + 3wt.% SiC are shown 

in Table 4 for the analysis of variance. Research shows that the sliding speed (37.81%) and 

applied load (37.4%) are the two most important factors influencing the wear rate. The wear 

rate is affected by the sliding distance to the tune of 17.84%. The relationships between the 

three process factors had a little influence on the overall outcome. It has been noted that all 

three composites have a residual error rate below 2%. S-0, S-1, and S-2 composites all 

achieved R2 values of 99.18%, 99.68%, and 98.41%, respectively. There is a significant link 

between both dependent and independent variables, as shown by the high R-squared value. 
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Table 2 Base A356 Variance Analysis 

 

Table 3 Base A356 + 3w.t %TiO2 -Variance Analysis 

 

Table 4 Base A356 + 3w.t %SiC -Variance Analysis 

 

In order to monitor how well the process settings were working, the collected data was 

converted to a signal-to-noise ratio. Finding the signal-to-noise ratio required studying how 

the process control parameters affected the wear rate and frictional coefficient. The ratio of 

SNR for the wear rate at different levels of analysis parameters is used to rank the 

parameters, and the results are shown in Tables 5, 6, and 7. In terms of S-0, the order of 
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importance is as follows: composite sliding distance at 1, speed at 2, and load at 3. In the 

same way, for S-1, speed and distance come in order of preference, with the composite 

applied load ranking first. Composite sliding speed is the most important factor for S-2, 

followed by weight and distance. One way to see the connection between the two sets of 

variables in an Analysis of Variance (ANOVA) is using a main effects plot for average 

values, which is also called a main effects graph. For each level of the independent variables, 

it displays the dependent variable's mean. With the x-axis representing the independent 

variable and the y-axis representing the dependent variable, the graph takes the form of a 

line.  

 

Figure 5 Wear Rate Analysis for S0 

 

Figure 6 Wear Rate Analysis for S1 
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Figure 7 Wear Rate Analysis for S2 

Figures 5, Figure 6 and Figure 7 show the average wear rate for S0, S1, and S2 composites, 

respectively, as shown in the main effects plots. A parameter's significance is low if its line 

is almost parallel to the level. A parameter's significance is highest when its line is steepest 

with respect to the horizontal. In Figure 5, we can see how the independent factors affected 

the wear rate. Among all the component’s, sliding distance was determined to have the most 

significant slope. Therefore, the most important component influencing the wear rate is the 

sliding distance. The applied load and sliding speed exhibit the steepest slopes, leading to the 

most influencing variables (Figures 6 and Figure 7), which is consistent with the pattern. 

Table 5Analysis outcomes for A356 

 

Table 6 Analysis outcomes for A356 +3wt.%TiO2 

 

Table 7 Analysis outcomes for A356 +3wt.%SiC 
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5.3 Confirmation test 

From the optimum values of (Tables 5,6, and 7), we executed confirmation tests. Table 8 

illustrates results of these tests along with a comparison to ideal values. The error in 

calculating the wear rate of any material is less than 5%, according to results. Consequently, 

the results support the reasonable level of extrapolation. 

Table 8 Confirmation Test 
Output Response Experimental Value Predicted Value Error% 

Wear Rate (1*10-3mm3/m) 
 

S-0 2.25 2.207 4.3 

S-1 1.6842 1.6778 0.64 

S-2 1.7467 1.7142 3.25 

5.4 IPSO Analysis 

Key considerations in developing this formulation include the following: a minimum of 0.4, 

a maximum of 0.9, a lower limit of [10, 1, 500], and an upper bound of [30, 3, 1500]. In 

addition, the number of swarm particle sizes was set at 50. Furthermore, Table 9 explains the 

optimum outcomes achieved by using the IPSO approach, as well as the details of the 

experimental data values used for comparison. Results showed very high levels of 

consistency overall, with expected and observed values matching with each other. Overall, 

the variances ranged from 4 to 7%, and there were just a few insignificant variations. The 

strategy has a 93% success rate; therefore, it must be resilient. It seems like this procedure 

produces rather reliable findings. 

Table 9 Analysis of IPSO 
Specimens Predicted 

Values 

 Experimental 

Values 

%Error 

S0 2.2987  2.2547 4.4 

S1 1.6747  1.6187 5.6 

S2 1.7814  1.714 6.74 

6. Conclusion and Future Enhancement 

The A356 alloy matrix was successfully enhanced with 3 weight percentage of TiO2 and 3 

weight % SiC nanoparticles using the stir-casting technique. According to the results of the 

analysis of variance (ANOVA), the sliding distance has the greatest impact on the wear rate 

of the base matrix alloy (63.11 %), followed by the speed and the load. Wear rate is most 

affected by applied load (41.71%), then by speed and distance, in the case of a 3wt.% TiO2 

reinforced nanocomposite. When it comes to 3wt.% SiC nanocomposite, sliding speed is the 

most important factor affecting wear rate at 37.81%, followed by load and distance. To find 
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the maximum feasible wear rate, the IPSO optimization method was used. An error rate of 

less than 8.5% was found in the confirmation test, keeping it below the range that is 

appropriate. 
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