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Abstract: This study proposed the potential of adaptive fuzzy neural network (ANFIS) as an 
alternative to the fuzzy logic and traditional statistical regression techniques for the purpose of 
predicting the wear rate of high chromium alloy during phosphate grinding. The comparison of ANFIS 
model, fuzzy logic and regression model that has been reported in previous work was assessed by 
various measures (i.e., root mean square error (RMSE), R2 and the percentage of predicted values that 
are within the 5% tolerance of the corresponding actual values). The results show that the ANFIS 
model provided the most accurate predictions. The average error(%) between actual and predicted data 
for the ANFIS, fuzzy and regression models were 1.6 and 9.68 and 15.98 respectively, indicating the 
superiority of ANFIS model in capturing the nonlinear behavior of the system. 
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INTRODUCTION 

 
Liners play a vital role in the milling process due to their strong influence on load motion and behavior 

(Chen, G.L., D. Tao, B.K. Parekh, 2008). Due to collisions and abrasion by the mill charge, liners wear and 
change profiles. The wear of tumbling mill liners influences the load behavior and consequently the 
performance and efficiency of tumbling mills (Gates, J.D., et al., 2008; Biyikoglu, A., et al., 2005; Zadeh, L.A., 
1965). Generally, as liners are wearing, tumbling mills performance slightly increases then decreases till they 
are replaced preferably when the cost associated to the drop of performance is higher than the cost of relining or 
when liners reach a critical thickness susceptible to breakage (Zadeh, L.A., 1965). Maximising liner life is of 
particular importance, since the cost of their replacement includes not only the cost of the replacement 
components but also the cost of lost reduction during change-out (Makokha, A.B., et al., 2007). So maximizing 
the liner life has been one of the main goals of both manufacturer and mill operators. The knowledge of the liner 
wear rate and profile facilitate the estimation of the liner life and also provides useful information on how to 
reduce any defects by modifying the original design (Gates, J.D., et al., 2008). Box–Behnken Design (BBD) of 
experiments to evaluate the effects of individual operating variables (solution pH, rotation speed, mill crop load, 
and solids percentage) and their interactions on the wear rate of high chromium alloy during laboratory 
phosphate grinding. They developed a linear regression equation to modeling mill liner's wear rate: 

 
Wear rate= 156.25 − 50.31× A + 24.81× B −14.63×C − 23.75× D                        (1)  

 
where A is solution pH, B is rotation speed, C is mill crop load and D is solids percentage. In this paper, a 

ANFIS based model which can be used to predict mill liner wear rate is defined and compared with fuzzy logic 
model and regression equation that has been reported in previous work (Chen, G.L., D. Tao, B.K. Parekh, 2008) 
for their modeling capabilities. Fuzzy based modeling languages have, in general, higher power of contention 
than their bivalent logic based counterparts (Zadeh, L.A., 2008). ANFIS methodology has been proven to be 
effective for dealing with complex nonlinear systems with uncertainties that are otherwise difficult to model. 
The advantages of fuzzy logic compared to numerical methods are that they are speedy, simple and capable to 
learn from numerical results and it does not require a complex mathematical model (Biyikoglu, A., et al., 2005) 
and ANFIS model output is simple equation in deal with fuzzy logic models. 

 Many complex systems can be modeled using a fuzzy feature. In the proposed method, the ANFIS method 
in addition to adaptive and nervous system properties, is a useful technique for modeling 
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This paper is organized as follow: In section 2., Experimental result of  model are described. In section 3 
mathematical and fuzzy logic model and ANFIS model are proposed. In section 4 the results of models are 
compared with fuzzy and regression and in Section 5 concludes the paper. 
 
2. Experimental: 

The wear tests were conducted using a specially designed grinding mill whose electrochemical potential can 
be controlled (Chen, G.L., D. Tao, B.K. Parekh, 2008). The mill was constructed of a stainless steel pipe of 
21.59 cm in diameter and 30.48 cm in length with a wall thickness of 0.64cm, as illustrated in Fig. 1. Three lifter 
bars were installed at identical intervals for effective grinding. To characterize the weight loss of the ball mill 
shell or its liner, three testing coupons of 0.95 cm in diameter and 2.54 cm in height made of high chromium 
alloy acquired from Magotteaux, Nashville, Tennessee, with the compositions shown in Table 1 were installed 
flush with the interior surface of the mill. Four different size balls (1.27, 0.95, 0.64 and 0.32 cm) of the same 
material with a density of 8.19kg/m3 accounted for 45% of the total mill volume with each size accounting one-
fourth of the grinding media by volume. Along with these balls, 2.5 kg phosphate and a total of 1500ml of 
mixed pond water and tap water were used for each test. The potential or current of coupons was controlled via 
copper brushes riding on the concentric copper ring. The total wear was estimated based on the weight loss of 
the coupons after grinding. 

 

 
 
Fig. 1: Schematics of the specially designed mill for grinding tests (Chen, G.L., D. Tao, B.K. Parekh, 2008) 

 
Table 1: Compositions of high chromium alloy (Chen, G.L., D. Tao, B.K. Parekh, 2008) 

Componen Fe Cr CMn Mn Si P S Ni Mo 
Weight(%) 61.92-

5.92 
26-30 0.50 1.0 2.0 0.04 0.04 4.0 0.50 

 
The phosphate samples and pond water used in this study were acquired from Florida CF Industries, Plant 

City, Florida. The phosphate sample was thoroughly mixed and wet screened into seven different size fractions 
for size distribution analysis and the results are shown in Fig. 2. Table 2 shows the chemical compositions of the 
head sample and individual size fractions. The acidic phosphogypsum pond water with the compositions shown 
in Table 3 and tap water were used to make the phosphate slurry for grinding tests, which is a standard industrial 
practice. The slurry pH was adjusted by addition of H2SO4 or NaOH to the required value. Corning pH meter 
430 acquired from Corning, NY was employed to measure the solution pH. 
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Fig. 2: Cumulative weight percent vs. particle size for phosphate sample (Chen, G.L., D. Tao, B.K. Parekh, 

2008) 
 
Table 2: Chemical analysis results of phosphate sample (Chen, G.L., D. Tao, B.K. Parekh, 2008) 

 
 
The variables examined in this study included solution pH, rotation speed, mill crop load, and solids 

percentage. Experimental data and the total wear rate for each experiment measured by the coupon weight loss 
are shown in Table 3. The wear rate in mills penetration per year (MPY) was calculated from Eq. (1): 

534WMPY
ATρ

=                                          (2) 

where W is weight loss in milligrams, ρ is density in grams per cubic centimeter, A is area in square inches, 
and T is time in hours (Chen, G.L., D. Tao, B.K. Parekh, 2008) 
 
3 Adaptive Neuro-Fuzzy Inference System (ANFIS): 

The Adaptive Nuero-Fuzzy Inference System combines the features of the Fuzzy Inference System (FIS) 
with a learning capability similar to that of a neural network. In this configuration, a Sugeno type FIS network is 
required with adjustable variables defining the input and output membership functions. 

ANFIS is made up of five layers. They are the input, the Input Membership Functions (IMF), the rules, the 
Output Membership Functions (OMF), and the defuzzification output. An ANFIS structure of 2 inputs and 3 
membership functions (2x3) is shown in Figure 2. 
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Table 3: Experimental variables and wear rate for high chromium alloy (Chen, G.L., D. Tao, B.K. Parekh, 2008) 

 

 
 
Fig. 3: ANFIS Architecture 

 
The functions selected for the input and output membership functions, as well as the quantity of IMF’s, are 

user specified parameters. In this research, the IMF’s are defined as one of seven possible functions. These 
seven input membership functions are: 

 
• The generalized bell function (gbell) 
• The Gaussian distribution curve (gauss)  
• The difference between two sigmoidal functions (dsig) 
• The product of two sigmoidal functions (psig) 
• The trapezoidal function (trap) 
• The pi curve (pi) 
• The triangular function (tri) 
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During data evaluation, the input layer accepts the input vector and routes the individual data components 
to the respective IMF. Using this input data, the Input Membership Functions calculate an output value . 
Where  is the th component of the input vector and  is the th IMF associated with the th component of the 
input vector. 

Within the rules layer, the  values are combined into fuzzy logic statements. The format of these 
rules is expressed by: 

 
 

                                        (3) 
where  is the th rule output,  is the input neuron, and  is an IMF associated with the respective input, 

such that all unique rule combinations are created. The ‘AND’ operator in this equation performs either a 
multiplicative function if a probabilistic ‘AND’ is selected, as shown in equation (4), or a minimum function if a 
fuzzy logic ‘AND’ is selected as shown in equation (5). 

 
 

 
 

 
For example, the third rule, in Figure 4, would be defined as: 
 

 
 

The number of these rules is defined by the input neurons  and the IMF  according to the relationship: 
 

 
 

There are 9 (32) rules in the case of a 2 dimensional input vector with 3 IMF’s per input. 
A constant (zeroth order) equation is used for the Output Measurement Function so that the output of the 

OMF layer is a weighted value of . 
 

 
 

where  specifies the corresponding rule number and  is the adjustable parameter.  
The Defuzzification Output layer calculates a weighted average for Rule outputs as follows: 

 

where the letter  specifies the corresponding rule number and  is the number of rules. 
The learning algorithm used for the training process is a hybrid type and is based on the output error. This 

algorithm is a combination of both the back propagation and least square methods.  
 

4 Performance Evolution Of The Proposed Model: 
4-1. Implementation of the ANFIS model: 

The design of the applied ANFIS model followed the stages described below: 
a) Selection type and number of the membership functions for the input variables. 
b) Selection type of the train FIS optimization method 
C) Selection number of the epochs 
D) Optimize parameter to reach minimum error 
In this paper two membership function on every type is used for inputs and found that the best type to reach 

minimum epochs was Gaussian combination membership function. 
The Anfis model structure generated in with design shown in figure 4 
 



Aust. J. Basic & Appl. Sci., 6(13): 167-174, 2012 
 

172 

 

 
Fig. 4: The Anfis model structure 

 
The number of epochs for each other membership function to reach minimum error  is shown in table 4 
 

Table 4: The number of epochs for each other membership function 
MF Psig Dsig PI G2M Gbell TRI Trap Gusian 
Epochs 250 250 410 210 350 510 1500 450 

 
The minimum model error for all the membership function type is 1.6. 
 The model output is introduced in table 5. 

 
Table 5: The model output 

PH Rs Cr SP Wear Rate (MPY) 
L L L L -3.16663(PH) -0.463236(Rs) + 3.3589(Cr) + 1.84835(Sp) +0.003983 
L L L H -5.70766(PH) + 2.14893(Rs) + 2.37921(Cr) -0.876792(Sp) +0.04642 
L L H L -3.12787(PH) + 2.23127(Rs) -1.20943(Cr) + 2.62126(Sp) +0.07177 
L L H H -5.23422(PH) -3.88816(Rs) + 0.821399(Cr) + 5.43543(Sp) +0.02870 
L H L L -4.65371(PH) -0.036423(Rs) + 3.37732(Cr) + 2.12824(Sp) -0.01301 
L H L H -8.20266(PH) + 5.54766(Rs) + 1.67208(Cr) -3.18374(Sp) +0.057970 
L H H L -4.88214(PH) + 6.36045(Rs) -4.17502(Cr) + 1.06355(Sp) +0.042408 
L H H H -8.06715(PH) + 4.20914(Rs) -1.74786(Cr) -0.292504(Sp) -0.047696 
H L L L 1.92589(PH) -0.564666(Rs) + 1.62483(Cr) + 1.41651(Sp) -0.010896 
H L L H 4.09724(PH) + 4.19478(Rs) -1.25845(Cr) -2.39374(Sp) +0.0391803 
H L H L 2.4883(PH) + 1.36526(Rs) -1.27565(Cr) + 0.979076(Sp) +0.0379462 
H L H H 3.1785(PH) -3.42303(Rs) + 3.48757(Cr) + 1.11811(Sp) -0.0230533 
H H L L 2.76412(PH) -1.66541(Rs) + 1.60982(Cr) + 2.52941(Sp) -0.019226 
H H L H 6.19376(PH) + 4.61949(Rs) -1.48331(Cr) -2.70564(Sp) +0.090718 
H H H L 3.36246(PH) + 2.72566(Rs) -3.03409(Cr) + 0.32933(Sp) +0.0177791 
H H H H 4.55673(PH) -1.34346(Rs) + 5.61553(Cr) -2.277(Sp) -0.0532678 

 
Figure. 5 presents a graphic which shows the result of the ANFIS model and the real liner wear rate values 

comparison. 
 

 
 
Fig. 5: Comparison between actual and predicted liner wear rate 
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4-3. Comparison of ANFIS and fuzzy and regression model: 
In the present work, ANFIS and fuzzy and regression models are compared for their modeling capabilities. 

The comparison was made on the basis of various parameters. For each model, goodness of fit may be 
demonstrated by low RMSE (root mean square error) and/or high R2 and Predictive accuracy is demonstrated 
by high good estimate (GE). Goodness of fit and predictive accuracy for ANFIS and fuzzy and regression 
models presented in Tables 6. 

 
Table 6: Comparisons of the goodness of fit and accuracy 

MODEL RMSEa R2b GEc  (%) 
ANFIS 1.6 0.998 68.9% 
Fuzzy 9.68 0.9623 64 % 
Regression 15.98 0.8079 24 % 

a RMSE = square-root of mean square error which is defined as the mean of the squared deviations between the actual values of the 
observations and the predicted values of the corresponding observations. 
b R2 = 1 - residual sum of squares/corrected sum of squares. 
c Good estimate = the percentage of predicted values that are within the 5% tolerance of the corresponding actual values. 

 
5- Conclusions: 

This study proposed the potential of adaptive fuzzy neural network (ANFIS) as an alternative to the fuzzy 
logic and traditional statistical regression techniques for the purpose of predicting the wear rate of high 
chromium alloy during phosphate grinding. Based on above results ANFIS model is the best model because of 
low error and high GE & R2 and simple output in case of 16 mathematical equations. 

The regression model in addition to one simple equation as output is a good model but its error is ineligible 
also the fuzzy model addition to its low error is good model but need a program to process it and knowledge to 
use the program. 

So the ANFIS model is practical for industrial applications. 
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