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ABSTRACT 

Mass loss of composite materials plays a key role in most of the industries. The physical experimentation of 

quantifying mass loss is costly and time-consuming. It is therefore important to put forward predictive 

techniques which can predict and evaluate mass loss of composite materials. In the current time, artificial 

intelligence-based techniques like feed forward neural network (FFNN), adaptive neuro fuzzy inference 

system (ANFIS) are mostly recognized as tools of prediction. In this study, prediction of mass loss of 

polytetrafluoroethylene (PTFE) filled with glass, carbon and bronze fibres was examined. The prediction 

results showed that FFNN and ANFIS techniques outperformed MLR technique by 45.36% and 45.80%, 

respectively. ANFIS and FFNN techniques exhibited better agreement between the predicted and the actual 

values of the PTEE-filled composites mass loss than MLR technique. The AI techniques proved to be robust 

tools in predicting the mass loss of the PTFE-filled composites. 

 Keywords: Feed forward neural network; adaptive neuro fuzzy inference system; mass loss; Taylor 

diagram 

INTRODUCTION 

Mass loss (wear) of tribological 

components is a major source of concern to 

both researchers and industries. The 

physical experimentation of mass loss is 

tedious, time consuming and involves cost. 

Therefore, it becomes necessary if 

tecniques could be developed to study this 

phenomenon of mass loss without having to 

conduct physical experimentation. 

Polytetrafluoroethylene is an important 

thermoplastic engineering material which is 

used in automotive and aerospace industries 

due to its unique self-lubricating, chemical 

inertness, thermal stability and friction 

properties (He  et al., 2018), ease of 

manufacturing and less expensive  (Suh and 
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Bae, 2016). Yet, it possesses poor 

mechanical and wear properties. When 

filled with reinforcements such as glass, 

carbon and bronze fibers (Diwate, 2016), its 

mechanical and tribological properties are 

enhanced thus becoming suitable in friction 

and wear applications. Recently, artificial 

intelligence based techniques like artificial 

neural network (ANN) and adaptive neuro 

fuzzy inference system (ANFIS) have 

drawn the attention and interest of material 

engineers and the industries.  

The pioneering work using ANN to predict 

the mass loss (tribological) behaviour of 

materials was conducted by Jones et al. 

(1997). They found that ANN holds great 

potential for predicting the mass loss 

behavior of materials and machines. 

Another pioneering application of ANN 

was done at IVM on modelling and 

prediction of mass loss behavior of short 

fiber reinforced thermoplastic composites. 

The results of the model indicated a better 

performance when compared with 

multilinear regression technique, Velten 

and Reinicke (2000). Zhang and Velten 

(2002) used multilayered feed forward 

neural network to predict the coefficient of 

friction and specific wear rate of short fiber 

reinforced polyamide. The results indicated 

a good agreement with experimental 

results. More so, it was concluded that the 

performance of the model should be 

enhanced by increasing the dataset. Jiang et 

al. (2007) applied artificial intelligence 

based technique in the prediction of 

compressive strength, elastic modulus and 

wear behavior and it was reported that the 

AI techniques adequately computed the 

values of these parameters and simulated 

results agreed with the actual results. Jiang 

et al. (2008) applied ANN to forecast the 

mechanical and tribological properties of 

polyamide (PA) composite and reported 

ANN as having the capability to predict 

better the wear and mechanical properties 

of the composite. Varade and Kharde 

(2012) predicted the wear behavior of 

PTFE glass-fiber reinforced composite 

using ANN and Taguchi technique. They 

found that ANN performed better than that 

of conventional Taguchi method. 

Haghighat et al. (2012) employed adaptive 

neuro fuzzy inference system (ANFIS) to 

investigate the specific wear loss of PTFE, 

graphite short carbon fiber and nano-TiO2. 

They tried different learning algorithms of 

ANNs and membership functions of 

ANFIS. They found that Levenberg-

Marquardt learning algorithm yielded the 

best results while for ANFIS trapezoidal-

shaped membership function did well 

compared to other memberships functions. 

However, ANFIS model performed better 

than ANN. Jarrah (2001) used ANFIS to 

model the fatigue property of unidirectional 

glass/fiber epoxy composite subjected to 

tension-tension and tension-compression 

conditions. They reported that the results of 

the ANFIS were better when compared to 

those of ANN. Vassilopoulos  and Bedi 

(2008) applied ANFIS using 257 dataset to 

predict the fatigue behavior of 

multidirectional laminate composite. They 

reported that about 50% of the data was 

adequate to model and predict the fatigue 

behavior of the composite and the results 

were in agreement with the actual data. 

They concluded that applying the ANFIS 

model could aid in bring down the cost of 

production and experimentation of the 

fatigue behavior of the composite. Taylor 

diagram is a mathematical representation 

specially devised to clearly show which of 

the many models of a system is most 

realistic. In the Taylor diagram, standard 
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deviation is proportional to the radial 

distance quantified from the origin. The 

Pearson correlation between the two 

regions is provided by the azimuthal 

location and the predicted regions having 

similar units as the standard deviation 

(Taylor, 2001). RMSE value is inversely 

proportional to the Pearson correlation. An 

ideal model is positioned apart by datum 

point with respect to the Pearson correlation 

equaling to unity (1) and an identical 

abundance of arrays varied with the 

observations (Yaseen et al., 2018).  

In this study, experimental results on mass 

loss of polytetrafluoroethylene reinforced 

with glass, carbon fiber and bronze particle 

under different conditions such as sliding 

speed, sliding distance, density of the 

materials, volume fraction of the fillers and 

applied load as inputs and mass loss as 

target (output) were extracted from the 

work of two authors. Feed forward neural 

network (FFNN), adaptive neuro fuzzy 

inference system (ANFIS) and multi linear 

regression (MLR) models were applied to 

predict the mass loss of the PTFE 

reinforced composites. Determination 

coefficient (DC) and root mean square error 

(RMSE) were employed to compare and 

evaluate the performances of the models. 

2.0 MATERIALS AND METHODS 

Artificial intelligence techniques had 

demonstrated great power as tools in 

describing complicated phenomenon like 

wear or mass loss. In this paper, a feed 

forward neural network (FFNN), Sugeno 

type adaptive neuro fuzzy inference system 

(ANFIS), and multi linear regression 

(MLR) were used for developing prediction 

techniques. The inputs for the models were 

sliding distance (D), sliding speed (V), load 

(L), volume fraction (Vf) of reinforcing 

fibers i.e. glass, carbon and bronze and 

densities (ρ) of the polytetrafluoroethylene 

(PTFE) reinforced composite. A 

representation of a system of methods used 

in this study is shown in Fig.1. MATLAB 

2019b was used to develop the AI based 

techniques and Minitab 2017 was employed 

for the multi linear regression technique, 

respectively. 

 

Fig.1: A representation of the system of methods of this study. 

2.1 Data gathering and analysis 
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The data used in this paper had been 

extracted from the work by Sahin and 

Mirzayev (2015) and by Unal et al. (2010). 

A total of 63 dataset was gathered from the 

articles whose experimental conditions and 

material compositions are very similar. The 

summary of the data collected was 

presented in Table 1.  

Table 1: Descriptive statistics of the extracted data 

 

 

 

 

2.2 Artificial Intelligence Based and 

Multi Linear Regression Techniques 

2.2.1 Feed forward neural network 

(FFNN) technique 

Artificial neural network is fundamentally a 

data-driven black-based box model, which 

is able of addressing exceptionally 

nonlinear intricate problems. Inspired by 

the human brain, ANN has the capacity to 

deal with a vast range of complex business, 

scientific as well as engineering problems. 

Artificial neural networks (ANNs) are 

flawlessly appropriate for these problems 

due to their ability to learn and thus can be 

trained to seek for solutions, categorize 

data, predict or forecast future occurrences 

and recognize pattern. Counter to 

conventional techniques such as control 

theory, multilinear regression, ANNs do not 

need explicit model or restricting 

assumptions of linearity or normality. 

ANNs are made up of simple elements 

(nodes) working in parallel are powerful 

and exceptional tool in applications in 

which conventional analysis methodologies 

are not suitable due to complexity or 

impossibility. This includes nonlinear 

system identification and control and 

pattern recognition. Naturally, the function 

of the ANNs is determined principally by 

the connections between the nodes 

(elements) that are generally nonlinear 

transfer functions. An ANN can be 

calibrated to execute a certain function in 

computer simulation by iterative 

adjustment of weight between the nodes 

(Demuth and Beale, 2004). Many forms 

NNs exist yet the commonly utilized NNs 

because of its simplicity is the feed forward 

neural network (FFNN) trained with back-

propagation (BP) algorithm. The FFNN is 

Variable Maximum Minimum Average Std. Dev Std. Error 

Distance (m) 4608 600 2489.14 1372.86 172.97 

Volume (%) 60 15 28.95 14.43 1.82 

Load (N) 80 5 29.29 23.55 2.97 

Density (g/cm3) 3.9 2.1 2.62 0.62 0.08 

Speed (m/s) 1.28 0.4 0.89 0.30 0.04 

Mass Loss (gm) 9.8 0.7 4.04 2.25 0.28 
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made up of linked non-natural numerous 

neurons (nodes) having various layers 

namely output, hidden and input layers. 

Architecture of the FFNN is shown in Fig. 

2. The hidden layer can contain one or more 

layers for its practical application. Each 

layer has different numbers of neural nodes. 

The connections between these elements 

determine the function of the network as in 

nature. The network receives the 

information from the input layer, processes 

the data in the hidden layer and then 

transmits the outcomes through the output 

layer. In each hidden layer and output layer, 

the neurons take the output of the neurons 

in the initial layer as the input. The data is 

tuned by transfer function with weights and 

bias in the neurons to calculate the output 

described as follows: 

    𝛾𝑘
(𝑛)

= 𝐹(∑ 𝑊𝑘𝑙
(𝑛)

𝐾 . 𝛾𝑘
(𝑛−1)

+ 𝑏(𝑛) … (1) 

Where 𝛾𝑘
(𝑛)

 symbolizes the output of node 

k in the nth layer, 𝑊𝑘𝑙
(𝑛)

 is the weight from 

node 𝑙 in the (n-1) nth layer to node k in the 

nth layer, and 𝑏(𝑛) is the bias of node k in 

the nth layer. The nonlinear transfer 

function 𝑓(𝑥) used in this study is a tangent 

sigmoid transfer function given by: 

                  𝑓(𝑥) =  
1−𝑒−2𝑥

1+ 𝑒−2𝑥
 … (2) 

During the training phase, the network is 

presented with the data hundreds of times, 

the weights and biases are iteratively 

adjusted until the minimum error is 

achieved. The iterative adjustment of the 

weights and biases are given by the 

following equations: 

 𝑊𝑘𝑙
(𝑛)(𝛼) = 𝑊𝑘𝑙

(𝑛)(𝛼 − 1) − 𝛽
𝜕𝐸

𝜕𝑊𝑘𝑙
(𝑛) … (3) 

     𝑏𝑘
(𝑛)(𝛼) =  𝑏𝑘

(𝑛)(𝛼 − 1) − 𝛽
𝜕𝐸

𝜕𝑏𝑘
(𝑛) … (4) 

Where 𝛼  is learning rate and 𝛽 represents 

the iteration. 

 

Fig.2: Three layer architecture of FFNN. 

2.2.2 Adaptive neuro fuzzy inference 

system (ANFIS) technique 

ANFIS is an important neurological 

network technique to obtain result of 

function approximation questions 

integrating the adaptive neural network and 

fuzzy inference system. As a global 

estimator, ANFIS was designed to 

surmount the limitations of FIZ and ANN. 

ANFIS integrates the experience capability 

of neurological network and the merits of 

the rule-based fuzzy structure, which can 

assimilate previous information into 

categorization mechanism. A structure is 
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constructed by fuzzy logic descriptions as 

well as the neurological network is utilized 

to harmonize the structure variables 

naturally thus removing the demand for 

manual perfection of the fuzzy structure 

variables not like the neurological network 

where the structure is constructed by 

training. Adaptive ability and flexibleness 

of ANFIS make it effective in handling the 

unpredictability of processes. The ANFIS 

architecture is made up of five different 

layers arranged like any multiple layer 

FFNN; coded in accordance with their 

operational functions. Sugeno firs-order 

fuzzy model had been applied in this paper. 

Different from ANN whereby weights are 

attuned, determination of the fuzzy 

language rules is needed as training the 

ANFIS model. The training of the 

membership function variables of the 

ANFIS is actualized through back 

propagation and/or least square and 

variables of the Takagi Sugeno fuzzy model 

are trained by the conventional square 

technique. The overall output of the ANFIS 

structure is described as a linear 

combination of the consequent variables. 

The common representation of an ANFIS 

technique is demonstrated in Fig.3 using 

two input variables. 

 

Fig.3: ANFIS and first-order Sugeno FIS model configuration. 

Supposing fuzzy inference system with two 

inputs and one output as 𝑥, 𝑦 and 𝑓, a 

Sugeno fuzzy first order, the rules are thus: 

Rule (1): 𝐼𝑓 𝜇(𝑥) 𝐴1 and 𝜇(𝑦)is 𝐵1;            

then f1 = 𝑝1x +   𝑞1𝑦 +  𝑟1… (5) 

Rule (2): 𝐼𝑓 𝜇(𝑥) A2 and 𝜇(𝑦)is 𝐵2; 

       then 𝑓2 =  𝑝2x +  𝑞2𝑦 +  𝑟2 … (6) 

Membership functions parameters for 𝑥 and 

𝑦 inputs are 𝐴1,𝐵1, A2, 𝐵2 outlet functions’ 

parameters of f are 𝑝1, 𝑞1, 𝑟1, 𝑝2, 𝑞2, 𝑟2, a 

five-layer neurological network 

arrangement possess the expression and 

configuration of ANFIS as: 

First layer: Every node I is an adaptive node 

in this layer that contain the nodal function 

as: 

     𝜓𝑖  
1 =  𝜇𝐴𝑖(𝑥)   𝑓𝑜𝑟 𝑖 = 1,2 𝑜𝑟 

        𝜓𝑖  
1 =  𝜇𝐵𝑖(𝑥)𝑓𝑜𝑟 𝑖 = 3,4 … (7) 
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Where 𝜓𝑖  
1  is for input x or y is the 

membership grade. Gaussian membership 

function had been selected in this paper 

because of its minimum prediction error. 

Second layer: T-norm operator links every 

rule in this layer between inputs ‘AND’ 

operator thus: 

         𝜓𝑖  
2 =  𝛽𝑖 = 𝜇𝐴𝑖(𝑥) ×

  𝜇𝐵𝑖(𝑥) for i … (8) 

Third layer: “Normalized firing strength” 

is the output of this layer: 

    𝜓𝑖  
3 =  𝜛 =  

𝑊𝑖

𝑊1+𝑊2
     𝑖 = 1,2 … (9) 

Fourth layer: Each node 𝑖 in the fourth layer 

is an adaptive node and executes the 

consequent of the rules as follows:    

        𝜓𝑖  
4 =   𝜛(𝑝𝑖𝑥 + 𝑞𝑖𝑦 + 𝑟𝑖)… (10) 

 𝜛 describes the output of layer 3 and  𝑝𝑖, 

𝑞𝑖, 𝑟1are the consequent parameters. 

Layer 5: Here the overall output of all 

incoming signals is calculated in this layer 

as:  

𝜓𝑖  
5 =   𝜛(𝑝𝑖x + 𝑞𝑖𝑦 +  𝑟1) 

 ∑ 𝑤𝑖𝑓𝑖 =
∑ 𝑤𝑖𝑓𝑖

∑ 𝑤𝑖  
… (11) 

2.2.3 Multi linear regression technique 

Linear regression analysis is a conventional 

technique used in applied science fields to 

describe and examine different parameters. 

Regression analysis especially aids in 

comprehending how the standard values of 

the dependent parameter varies as 

independent parameters vary, whilst the 

other independent parameters are held 

constant; examines the correlation between 

these parameters. The independent and 

dependent variables might be related by: 

 𝐷𝑉 =  𝜓𝑜 +  𝜓1𝑥1 +  𝜓2𝑥2 + 𝜓3𝑥3 +

⋯ +  𝜓𝑖𝑥𝑖 … (12) 

Where DV is the output (wear loss) 

and 𝑥1... 𝑥𝑖 donate various parameters 

describing the material properties and 

experimental conditions, 𝜓𝑜 , … 𝜓𝑖 are the 

unknown parameters. 

2.3 Data pre-processing and performance 

evaluation 

The dataset was normalized to transfer the 

input and output data to small range prior to 

putting them into the AI based models so 

that overshadowing of smaller values by 

bigger values is avoided. In addition to this, 

data normalization simplifies the numerical 

computations in the model that in turn 

raises the model accuracy and lowers the 

time it takes to achieve the global/local 

minimum and takes care of dimensions. In 

this paper, the inputs and the output were 

normalized between zero (0) and unity (1) 

using the equation given in the following: 

     𝜆𝑛𝑜𝑟𝑚 =  
𝜆−𝜆𝑚𝑖𝑛

𝜆𝑚𝑎𝑥−𝜆𝑚𝑖𝑛
… (13) 

Where 𝜆𝑛𝑜𝑟𝑚 is the normalized mass loss 

value, 𝜆𝑚𝑖𝑛, and 𝜆𝑚𝑎𝑥 represent actual, 

minimum and maximum mass loss values 

of the data, respectively. For the 

development of the models the normalized 

data was split into 70% for training and 

30% for testing. 
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The coefficient determination (DC) and 

root mean square error (RMSE) were used 

as criteria in evaluating the efficiency and 

performance of the models so developed. 

DC indicates fitness of the observed data 

and has values ranging from -∞ to 1.The 

closer the DC value to 1, the better the 

performance of the models and vice versa. 

RMSE is used to measure the difference 

between actual and predicted values. 

RMSE value is minimum in the efficient 

model. The model having higher value of 

DC and low value of RMSE is the perfect 

model. DC and RMSE are computed using 

the equations as follows: 

                             𝐷𝐶 = 1 −

∑ (𝜆𝑎𝑐𝑡𝑖−𝜆𝑝𝑟𝑒𝑑𝑖)2𝑛
𝑖=1

∑ (𝜆𝑎𝑐𝑡𝑖−�̅�𝑎𝑐𝑡𝑖)2𝑛
𝑖=1

… (14) 

 

                             𝑅𝑀𝑆𝐸 =

 √
∑ (𝜆𝑎𝑐𝑡𝑖− 𝜆𝑝𝑟𝑒𝑑𝑖)2𝑛

𝑖=1

𝑁
 … (15)

Where 𝑁𝑖𝑠 the number of observations, 

𝜆𝑎𝑐𝑡𝑖 stands for actual values, 𝜆𝑝𝑟𝑒𝑑𝑖 

represents the predicted values and �̅�𝑎𝑐𝑡𝑖  is 

the mean value of the actual values. 

3.0 RESULTS AND DISCUSSION 

In this section, the performance of the AI 

based and the conventional multi linear 

regression techniques were presented and 

discussed to ascertain the performance of 

each model using the same inputs and 

output. In all cases the dataset was broken 

into 44 (70%) and 19 (30%) for both 

training and testing steps.  

3.1 Performance of the multilinear 

regression technique 

Fig.4 shows the scatter plot of the 

relationship between actual and predicted 

mass loss of the PTFE-filled composite. 

Determination coefficient (DC) of the 

training and testing phases were determined 

as 0.5674 and 0.5267, respectively. In 

addition, the RMSE in training was found 

to be 0.1275 but the testing stage RMSE 

was computed as 0.2306. As per the 

prediction analysis the DC and RMSE in 

the testing phase were considered. 

Therefore, MLR model with a DC of 

0.5267 and RMSE of 0.2306 did not 

indicate higher prediction accuracy of the 

mass loss of the PTFE reinforced 

composite. This is attributed to the 

nonlinearity relationship between the 

investigated parameters and MLR model is 

commonly good at finding linear 

relationship between predictor and 

response variables (Tugrul et al., 2004).  
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Fig.4: Scatter plot of MLR in training and testing stages. 

 

3.2 Performance of the feed forward 

neural network (FFNN) 

Various learning algorithms were tried in 

order to find the optimum FFNN 

architecture and among all of them, 

Levenberg-Marquardt was found to be 

effective. The FFNN technique was tested 

using tangent sigmoid transfer function and 

only one hidden layer was chosen. Though 

it has been proven that use of two hidden 

layers was capable of approximating most 

functions (Kůrková, 1991; Swingler, 1996), 

but it leads to complicating the network. 

Thus the choice for one hidden layer 

simplifies the operation of the network. For 

the determination of the optimum number 

of neurons in the hidden layer, trial and 

error technique has been employed and it 

was found that hidden layer with 10 hidden 

neurons yielded the best result.  Fig.6 shows 

the scatter plot of the relationship between 

the actual and predicted mass loss of the 

PTFE reinforced composite in both training 

and testing. As seen in the Fig.5, in both 

training and testing phases the FFNN model 

indicated desirable results in terms of the 

DC values. DC for testing phase was 

computed to be 0.9802. In addition, RMSE 

was determined as 0.0471. To wrap it up, 

the FFNN model is effective in predicting 

the mass loss of the PTFE reinforced 

composite at 4.71% error as compared to 

the MLR technique. 

 

Fig.5: Scatter plot of ANN in training and testing phases. 
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3.3 Adaptive neuro fuzzy inference system 

(ANFIS) technique 

In this study, ANFIS that uses the hybrid 

learning algorithm was employed. The 

proportions of testing and training were 

chosen the same as the ones in FFNN 

modelling. To determine the best 

membership function, trial and error 

approach was used and it was found that 

Gaussian membership function gave the 

best results at 50 epochs and 0.05 tolerance 

errors. Fig. 6 showed the scatter plot of the 

relationship between the actual and 

predicted mass loss of the PTFE reinforced 

composite and there is good match between 

predictors and the response variables of the 

ANFIS model. The DC for the ANFIS 

model in testing phase was calculated as 

0.9847. More so, the RMSE was computed 

as 0.0231. This means that ANFIS due to its 

hybrid learning algorithm can predict the 

mass loss of the PTEF-filled composite to 

an efficiency of 98.47% at a minimal error 

of 2.31%. 

 

Fig.6: Scatter plot of ANFIS in training and testing phases. 

 

Table 2: Result of different AI based techniques 

 

 

 

 

   Training  Testing 

Inputs Technique DC RMSE DC RMSE 

(L,D,Vf,ρ,V) FFNN 0.9806 0.0231 0.9802 0.0471 

(L,D,Vf,ρ,V) ANFIS 0.9967 0.0193 0.9847 0.0231 

(L,D,Vf,ρ,V) MLR 0.5674 0.1276 0.5266 0.2306 
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Fig.7: Taylor diagram showing models’ performances in testing phase 

Hence, it can be said that ANFIS and FFNN 

techniques were able enough to predict the 

mass loss of the PTFE reinforced 

composite. Nevertheless, ANFIS technique 

outperformed FFNN technique in the same 

prediction purpose. On the other hand, 

MLR technique proved to be less effective 

in predicting the mass loss of the PTFE-

filled composite. The higher prediction 

accuracy of the artificial intelligence based 

techniques in comparison to the 

conventional MLR technique is related to 

their ability to handle nonlinear 

relationships between predictors and 

response variables that are presented better 

by ANFIS and FFNN techniques. Fig. 7 as 

shown above compared the RMSE of the 

four models. It can be seen that that ANFIS 

indicated the minimum error while MLR 

showed the maximum error indicating poor 

performance. The techniques prediction 

performance and accuracy were also 

compared using a Taylor diagram. As 

shown in Fig. 8, MLR technique possessed 

the lowest correlation and highest RMSE 

while the AI based models: ANFIS and 

FFNN techniques possessed the highest 

correlation and lowest RMSE. Of these AI 

based techniques; ANFIS technique 

showed higher prediction capacity of the 

PTFE-filled composites. 

4.0 CONCLUSION 

In this article, three different techniques 

namely FFNN, ANFIS and MLR were 

developed to predict the mass loss of PTFE-

filled composites. The following 

conclusions were drawn from the study:  

1. MLR technique with DC of 0.5266 

and RMSE of 0.2306 was found to 

be inadequate in predicting the mass 

loss of the PTFE-filled composites. 

This low prediction capacity was 

due to the inability of the MLR 

technique to deal with nonlinearity 
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relationship between response and 

predictor variables. 

2. FFNN technique having DC of 

0.9802 and RMSE of 0.0471 was 

found to be able in predicting the 

mass loss of PTFE-filled composite.  

3. ANFIS technique having a DC of 

0.9847 and RMSE of 0.0231 was 

talented enough to predict the mass 

loss of the PTFE-filled composites. 

4.  However, ANFIS and FFNN were 

found to be more effective in 

predicting the mass loss of PTFE-

filled composite compared to MLR 

technique. Even though the FFNN 

and ANFIS techniques were 

capable of predicting the mass loss 

of the PTFE-filled composite, 

ANFIS technique was found to be 

the most efficient than FFNN 

technique. 

5. The AI techniques have proven to 

be robust in dealing with the 

complex, nonlinear and noisy 

behaviour of mass loss of the PTFE-

filled composites than MLR 

technique. 
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