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Abstract 
The cyanide leaching of gold and its adsorption 

process onto activated carbon is influenced by several 

factors; some are beyond the control and cannot be 

even measured quantitatively. Thus, it is essential to 

select an appropriate model to describe the behavior of 

influential factors. In the present study, intelligent 

systems including SVM and ANFIS were utilized and 

developed to model and predict the leaching recovery 

of gold and its adsorption rate from cyanidation 

solution onto activated carbon. The values of R2 and 

RMSE of the model developed by ANFIS based on the 

testing data set were found to be 0.8602 and 0.5589 for 

cyanidation and 0.9621 and 1.738 for adsorption 

processes respectively. Its prediction results indicated 

an excellent agreement with the training dataset.  

 

SVM model led to the weaker predictions compared to 

the ANFIS model with lower values of R2 and higher 

values of RSME for test data set. The values of R2 and 

RMSE were obtained as 0.6112 and 0.974 for leaching 

and 0.8246 and 3.6289 for adsorption respectively. 

Ultimately, ANFIS model was distinguished to be an 

alternative reliable, cost-effective, rapid and easy route 

with high accuracy for modeling the leaching and 

adsorption processes of gold. 
 

Keywords: Gold recovery, Cyanide leaching, Adsorption, 

Modeling, SVM, ANFIS. 

 

Introduction 
Gold is a precious metal, which due to its resistance to 

oxidation and corrosion, ductility and excellent electrical 

conductivity, is widely used in various fields such as catalyst 

in different chemical processes, economic activity, 

jewellery, fuel cells, medicine and electronic components1-4. 

Nowadays, the demand for gold has significantly enhanced 

owing to relatively large stable price and hence the fields of 

gold exploration and metallurgy have attracted much 

attention5. The extraction of gold from ores is performed 

hydrometallurgically by the cyanidation process by mixing 

the ground ore sample (typically below 75µm) with a dilute 

cyanide solution6,7. Gold cyanidation can be described by eq. 

18: 

 

−−− +→+++ OHCNAuOHOCNAu 4])([4284 222
 (1) 

 

After cyanidation of gold, adsorption of Au(CN)2- complex 

from cyanide liquor is subsequently performed onto 

activated carbon9. The use of activated carbon as adsorbent 

may be because of ecofriendly nature, large surface area, 

porous structure, high sorption capacity, ease of elution and 

a great selectivity towards gold relative to base metals4,10-16. 

 

The cyanide leaching and adsorption processes of gold are 

impressed via a number of factors such as dissolved oxygen 

concentration, cyanide concentration, slurry pH, particle 

size, surface area of gold exposed, ore mineralogy, 

temperature, agitation rate, quality of activated carbon, 

carbon particle size, pulp density, contact time and ionic 

strength17-25. Some of these parameters are beyond the 

control of the mineral engineer and cannot be even measured 

quantitatively.  

 

On the other hand, in these studies, the classic approaches 

were further applied to investigate the effects of factors, 

which rely on the empirical models achieved from statistical 

correlations between independent and dependent variables 

and simplification is one of their limitations. Thus, it is 

essential to use new techniques to characterize the behavior 

of factors to obtain a successful cyanidation and adsorption 

process. Moreover, developing the ability to predict the 

leaching and adsorption rates of gold will allow a more 

accurate estimation of cyanidation and adsorption costs. 

 

In recent years, intelligent methods such as genetic 

programming (GP), support vector machines (SVM), 

adaptive neuro-fuzzy inference systems (ANFIS) and 

artificial neural networks (ANN) increasingly have been 

applied as a very useful and powerful tool with high 

flexibility for modeling the complex systems and nonlinear 

relationships between inputs and outputs in engineering 

different fields26-42.  

 

Nowadays, ANFIS and SVM techniques are the most 

popular soft computing approaches to simulate and 

characterize the behavior of systems studied. ANFIS is a 

simple and rapid method to create the nonlinear relationships 

using training data and generally this technique is the 

capability to model a multivariable problem43. SVM has an 

excellent generalization capability and can achieve the best 

compromise between the complexity of model and learning 
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ability when solving small samples and the nonlinear 

problems44,45.  

 

It should also be noted that this methodology has a fast 

construction of the classification models46. Hence, the 

present research was aimed to study the ability of ANFIS and 

SVM to predict the hydrometallurgical efficiencies of Au 

(cyanide leaching and adsorption rate) and also to compare 

their performances in modeling and simulation. This study 

investigates the application of ANIFS and SVM models in 

gold hydrometallurgy industry for cyanide leaching rate and 

also its adsorption onto activated carbon. 

 

Material and Methods 
Two datasets including 50 cyanide leaching tests and 30 

adsorption tests onto activated carbon were utilized to model 

and simulate the cyanidation and adsorption processes of 

gold, which were obtained as per Azizi et al47 and Khosravi 

et al4. According to Azizi et al47, the cyanidation 

experiments were performed on the sample derived from the 

Aghdareh gold mine (crushing circuit input) in west 

Azerbaijan province, Iran (contained 1.17 ppm Au). 

Experiments were performed on a 300 g representative 

sample at ambient temperature using a tumble bottle. For 

each test, the pulp was first prepared in the tumble bottle and 

then the slurry pH was modified using lime at the desired 

value.  

 

After that, the sodium cyanide (made by Merck) was added 

into the pulp at the value targeted and then the pulp was 

mixed. Ultimately, the reactor content was filtered and the 

liquid phase was analyzed using atomic absorption 

spectroscopy to determine the gold concentration47. The 

leaching rate (R) of gold was calculated via eq. 2. The 

operating conditions and the values of gold leaching rate 

calculated for each experiment are presented in table 1. 
 

100
2

1 =
M

M
R  (2) 

 

where M1 represents the weight of gold in the leach liquor 

and M2 depicts weight of gold in the ore sample. 

 

According to Khosravi et al4, adsorption experiments were 

conducted using activated carbon on cyanidation solution 

(contained 1.8-2 ppm Au) obtained from treatment of 

Sarigoni (Qorveh) gold ore in Kordestan province, Iran. 

After each cyanidation experiment, the leach liquor was 

transferred to a tumble bottle and all adsorption tests were 

performed by means of the traditional bottle-on-rolls method 

at the targeted pH and agitation speed by placing a weighed 

amount of the activated carbon with 1000 ml of the gold 

cyanide solution.  

 

After each test, the reactor content was filtered and the 

solution was analyzed for gold content by atomic absorption 

spectroscopy. The adsorption efficiency (CR) was measured 

by the gold concentrations before (C0) and after (Ct) 

adsorption process as given in eq. 3. Table 2 displays the 

design matrix of adsorption experiments and the calculated 

values of efficiencies. 
 

100
0

0 
−

=
C

CC
CR t  (3) 

 

Theoretical background 
Adaptive Neuro-Fuzzy Inference System (ANFIS): 

ANFIS is a hybrid system incorporating the learning abilities 

of artificial neural network and excellent knowledge 

representation and inference capabilities of fuzzy logic48 that 

can modify their membership function to achieve the desired 

performance. Thus, this technique is a blend of fuzzy 

inference system and ANN and these two methods 

complement each other.  

 

ANFIS can be applied to solve problems related to parameter 

identification using a hybrid learning algorithm combining 

the least-squares approach and back-propagation gradient 

descent. Fig. 1 shows a graphical representation from the 

structure of the ANFIS network based on Sugeno fuzzy 

system with two input and two rules.  

 

Rule 1: If x is A1 and y is B1, then f1 = α1x+β1y+c1 

Rule 2: If x is A2 and y is B2, then f2 = α2x+β2y+c2 

 

where αi, βi and ci are the design parameters decided through 

the training process; A1 and B1 are fuzzy sets; x and y 

inputted and fi is the output within the fuzzy region described 

by the fuzzy rule43. 

 

Support vector machine (SVM): SVM is a novel machine 

learning route based on statistical learning theory44 proposed 

by Vapnik and Chervonenkis49 in 1964 as a generalization 

of the Generalized Portrait algorithm. SVMs are a very 

specific class of algorithms characterized by the usage of 

kernels, absence of local minima, the sparseness of the 

solution and capacity control obtained by acting on the 

margin, or number of support vectors etc. SVMs have a 

better generalization capability with minimization of the 

structural risk besides the empirical risk and can be utilized 

not only to classification problems but also to the case of 

regression.  

 

Fig. 2 shows an example of a support vector machine (SVM) 

classifier. In a support vector machine model, a regression 

hyperplane with a  -insensitivity loss function is a convex 

dual optimization problem. The solution can be obtained 

from the optimization algorithm50. The deterministic 

function of the SVM can be determined by the equation 4: 
 

bxwxf += )(.)(   (4) 

 

where b and wi are bias and weight vector respectively and x 

is mapped to a high-dimensional feature space by nonlinear 

transfer function  . 

http://en.wikipedia.org/wiki/Vladimir_N._Vapnik
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Table 1 

Design matrix of experiments and measured values of gold leaching rate47. 
 

Run pH Solid content 

(%) 

NaCN concentration 

(ppm) 

Leaching 

time (h) 

Particle size 

(µm) 

Au leaching rate 

(%) 

1 10.0 35 600 12 75 86.50 

2 11.0 35 800 24 37 90.68 

3 10.5 40 700 18 56 89.72 

4 11.0 45 600 24 37 88.38 

5 10.0 45 800 12 75 87.96 

6 9.5 40 700 18 56 89.98 

7 11.0 45 800 24 37 89.15 

8 11.0 35 600 24 75 87.61 

9 11.0 45 800 12 75 86.64 

10 10.0 45 800 24 37 90.16 

11 10.5 40 700 18 56 89.84 

12 11.0 45 600 12 37 87.70 

13 10.5 40 700 18 56 89.40 

14 10.0 45 600 12 37 88.48 

15 10.5 30 700 18 56 90.40 

16 10.0 35 800 12 75 88.19 

17 10.0 45 600 24 37 89.28 

18 11.0 35 600 12 37 86.92 

19 10.0 35 600 24 37 89.66 

20 10.0 35 600 24 75 88.51 

21 10.0 45 800 24 75 89.95 

22 11.5 40 700 18 56 89.40 

23 10.0 35 800 24 37 91.43 

24 10.0 35 600 12 37 88.50 

25 10.0 35 800 24 75 89.89 

26 10.0 45 600 12 75 87.88 

27 10.5 40 700 6 56 86.12 

28 10.5 40 700 30 56 90.16 

29 11.0 35 600 24 37 89.95 

30 10.5 40 700 18 100 87.52 

31 10.5 40 900 18 56 86.75 

32 10.0 45 600 24 75 88.27 

33 10.5 40 500 18 56 85.50 

34 11.0 35 600 12 75 86.05 

35 11.0 35 800 24 75 88.80 

36 10.5 40 700 18 20 90.78 

37 11.0 35 800 12 37 89.12 

38 10.5 50 700 18 56 89.40 

39 10.0 35 800 12 37 89.72 

40 11.0 45 600 24 75 88.68 

41 11.0 45 800 24 75 87.90 

42 11.0 35 800 12 75 86.74 

43 11.0 45 800 12 37 87.17 

44 11.0 45 600 12 75 86.65 

45 10.0 45 800 12 37 88.00 
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Table 2 

The conducted experiments conditions and measured values of gold adsorption rate 47. 
 

Runs pH Agitation rate 

(rpm) 

Activated carbon 

concentration (g/L) 

Adsorption 

time (h) 

Au adsorption rate 

(%) 

1 11.0 40 1.25 3.0 92.37 

2 10.5 45 1.00 2.5 68.42 

3 11.0 50 1.25 3.0 93.11 

4 11.5 45 1.00 2.5 67.89 

5 10.0 40 1.25 2.0 78.12 

6 10.0 50 0.75 3.0 72.51 

7 9.5 45 1.00 2.5 62.13 

8 10.5 45 1.00 2.5 65.18 

9 10.0 40 0.75 3.0 68.16 

10 11.0 50 1.25 2.0 78.52 

11 11.0 40 0.75 3.0 73.42 

12 11.0 40 0.75 2.0 65.86 

13 10.5 45 1.00 2.5 62.58 

14 10.5 45 1.50 2.5 93.92 

15 10.0 40 1.25 3.0 80.72 

16 10.0 40 0.75 2.0 61.62 

17 10.5 55 1.00 2.5 69.71 

18 11.0 50 0.75 2.0 64.81 

19 10.5 45 0.50 2.5 57.53 

20 10.0 50 1.25 3.0 89.22 

21 10.0 50 1.25 2.0 70.64 

22 10.5 45 1.00 1.5 55.73 

23 10.5 45 1.00 2.5 68.67 

24 11.0 40 1.25 2.0 77.13 

25 10.5 35 1.00 2.5 69.81 

26 10.5 45 1.00 3.5 70.67 

27 10.5 45 1.00 2.5 65.19 

28 10.0 50 0.75 2.0 58.32 

29 11.0 50 0.75 3.0 66.73 

30 10.5 45 1.00 2.5 62.15 

 

 
Figure 1: Structure of the ANFIS network.41 
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Figure 2: Support vector machine (SVM) classifier  

(one-dimensional linear regression function with – epsilon intensive–band)42 

 

 
Figure 3: Steps of ANFIS method for estimation of cyanidation and adsorption rate of Au. 

 

Results and Discussion 
Prediction of Au leaching and adsorption rate by ANFIS: 

To investigate the behavior of cyanidation and adsorption 

processes of gold, it is first necessary to select a proper 

model and network. Thus, for this purpose, two ANFIS and 

SVM techniques were utilized to construct a model based on 

experimental data in tables 1 and 2. At first, the ANFIS 

method is used to build a prediction model for estimation of 

Au leaching and adsorption rate using MATLAB software. 

The steps of the ANFIS method in the software are presented 

in fig. 3. The structure of the ANFIS model for cyanide 

leaching and adsorption processes is also shown in fig. 4. As 

can be seen in figure, the particle size, leaching time, NaCN 

concentration, solid content and pH are the input of model 

and the rate of Au leaching is the output of the model.  

 

Also, it shows an adsorption rate of Au from leach liquor 

onto activated carbon as a function of the pH, adsorption 

time, activated carbon concentration and stirring speed. The 

datasets for prediction of Au leaching rate in this study 

include 45 data point. Among these data, 35 data points 

(about 80%) are considered as training data and 10 data point 

(about 20%) are considered as test data. Randomly, about 

80% of the datasets were also chosen as train data for 

adsorption process and 20% data to test objectives to 

validate the Au predictive model.  
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It is noteworthy that to construct the ANFIS model and 

before the training data, first, the membership functions for 

each of the corresponding input factors and the shape of the 

membership functions should be determined. In this study, a 

Gaussian shaped membership function with three 

membership function is considered for input factors. For 

instance, the pH membership function is shown in fig. 5. 

The ANFIS model is trained using the hybrid training 

algorithm with 5 epochs (running time). After 5 epochs of 

training, the accuracy of training reaches the requirements 

and the outputs of the ANFIS were precisely consistent with 

the desired outputs. The output of ANIS model for training 

data is shown in figs. 6 and 7. 

 

 
Figure 4: The structure of ANFIS model in MATLAB (a): cyanidation, (b) adsorption. 

 

 

 
Figure 5: The Gaussian membership function of pH for Au leaching 
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Figure 6: The results of ANFIS model for training data (a): leaching, (b): adsorption 

 

  
(a) (b) 

Figure 7: The correlation between real and predicted data based on ANFIS model for training data  

(a): leaching, (b): adsorption 

 

The results obtained by models are compared and checked 

with experimental data by the root mean square error 

(RMSE) and the coefficient of determination (R2). 
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where iy  and iŷ  are the measured and the predicted outputs 

respectively, N represents the number of training or testing 
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samples and y  denotes the mean value of the corresponding 

training or testing measured outputs.  

 

RMSE is a frequently used measure of the differences 

between values predicted by model or estimator and the 

actual values determined from experiments and for building 

a good model, it must be minimum51. The correlation 

between the real data and predicted data is shown in fig. 7. 

As it can be observed from figs. 6 and 7, the ANFIS model 

has good results and the real and predicted data fit together. 

As shown in these figures, the model was constructed with a 

high value of R2 of 0.9802 and 0.9887 and the low amounts 

of RMSE of 0.2057 and 1.1012 for leaching and adsorption, 

respectively.  

To validate the suggested model, the constructed ANFIS 

model is implemented for test data. The results of the model 

are shown in figs. 8 and 9. It can be observed from figs. 8 

and 9 that there is a good correlation on test data and the 

values of Au leaching and adsorption rates are predicted with 

good accuracy. As considered, the values of R2 and RMSE 

were obtained 0.8802 and 0.5589 for cyanide leaching and 

0.9621 and 1.738 for adsorption of gold onto activated 

carbon. The ANFIS model predictions are distinguished to 

be in very well agreement with the experimental data and 

thus this method can be successfully used to model, simulate 

and predict the cyanide leaching of gold and subsequently its 

adsorption from leach liquors onto activated carbon. 

 

 

 
Figure 8: The results of ANFIS model for test data (a): leaching, (b): adsorption. 

 

  
(a) (b) 

Figure 9: The correlation between real and predicted data based on ANFIS model for test data  

(a): leaching, (b): adsorption 
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Prediction of Au leaching and adsorption rates by SVM: 

In addition to the ANFIS model, support vector machine 

(SVM) model was employed to simulate and estimate the 

rate of Au cyanide leaching and its adsorption onto activated 

carbon. Similar to ANFIS model, SVM models were trained 

using 80% of the total data randomly and the remaining 20% 

data were utilized for testing purposes. Based on the dataset, 

the support vector regression (SVR) models were 

implemented by the SVM toolboxes and the predictions 

were carried out in MATLAB software. The output of the 

SVR model for training data is displayed in fig. 10. Also, the 

correlation between the real and predicted data is illustrated 

in fig. 11. 

 

Figs. 10 and 11 indicate the SVM performance for the 

training data. It is also observed that the value of R2 to the 

linear fit (y=ax) on leaching data is 0.9975 with an amount 

of RMSE = 0.739. This indicates an almost perfect fit for the 

training of the network (Fig. 11). Also, the values of R2 and 

RMSE for the model constructed on adsorption data are 

found to be 0.9398 and 2.5457. Therefore, the very good 

fitting values demonstrate that the training was performed 

very well.  

 

To validate the proposed model, the constructed SVR or 

SVM model was implemented for test dataset which results 

for comparison of the measured values of the testing stage 

with the predictions of the network as shown in figs. 12 and 

13.  

 

The coefficient of determination and RMSE values are 

achieved respectively: 0.6112 (R= 0.7818) and 0.974 for 

cyanide leaching and 0.8246 (R= 0.9081) and 3.6289 for 

adsorption of gold. This demonstrates that the SVM model 

at testing stage does not give very good predictions 

compared to training data set; however, the values of R2 and 

RMSE still are in an acceptable range for engineering fields. 

 

  

(a) (b) 

Figure 10: The results of SVM model for training data (a): leaching, (b): adsorption. 

  

(a) (b) 

Figure 11: The correlation between real and predicted data based on SVM model for training data  

(a): leaching, (b): adsorption 
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(a) (b) 

Figure 12: The results of SVR model for test data (a): leaching, (b): adsorption. 

 

  
(a) (b) 

Figure 13: The correlation between real and predicted data based on SVM model for test data  

(a): leaching, (b): adsorption 

 

Table 3 

Performance comparison of ANFIS and SVM to predict the leaching and adsorption rate of Au. 
 

Model  Cyanide leaching Adsorption 
2R RMSE 2R RMSE 

ANFIS Train 0.9802 0.2057 0.9887 1.1012 

Test 0.8602 0.5589 0.9621 1.738 

SVM Train 0.9975 0.739 0.9398 2.5457 

Test 0.6112 0.974 0.8246 3.6289 

 

Performance comparison of SVM and ANFIS models: 

The effectiveness of SVM and ANFIS models and their 

ability to make accurate predictions was evaluated by two 

statistical parameters including R2 and RMSE as the results 

are listed in table 3. As can be observed from the results, the 

ANFIS model gave the much better performance of 

predictions with the higher R2 and lower RMSE both 

leaching and adsorption. The differences between the 

performances of the SVM and ANFIS are due to the 

theoretical background and the used principles of these two 

methods.37 Additionally, the ANFIS prediction results for 

cyanide leaching rate of gold were compared against the 

ANN (developed BPNN model) and MLR prediction results 

reported by Azizi et al.47 

 

The findings proved that the ANFIS model had slightly 

better results than the ANN model and was significantly 

better than the MLR model. The R2 value of the ANFIS 

model was 0.9802 for training stage and 0.8602 for the 

testing set against 0.9803 and 0.8213 for the ANN model and 

0.5561 and 0.6705 for MLR model. Additionally, the SVM 

and ANFIS predictions for adsorption rates of gold were 

compared with the results estimated and modeled by 

response surface methodology (RSM) based on the central 
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composite design (CCD), which is a powerful statistical 

technique4.  

 

The findings showed that the ANFIS model had a greater R2 

value (0.9887 at the training stage and 0.9621 for the testing 

set) from RSM-CCD model with R2 of 0.8354. Meanwhile, 

the ANFIS model gave better estimations compared to the 

predicted leaching recoveries of gold by RSM-CCD 

model47. Therefore, it can be concluded that the ANFIS 

methodology can be successfully used for predicting and 

simulating the cyanide leaching and adsorption rates of gold 

in hydrometallurgy industry. 

 

Conclusion 
This study dealt the application of two computational 

intelligence techniques including ANFIS and SVM for 

modeling and predicting the leaching efficiency of gold as a 

function of particle size, pH, leaching time, NaCN 

concentration and solid content and also adsorption rate of 

Au onto activated carbon as a function of the agitation speed, 

pH, adsorption time and activated carbon concentration. 

ANFIS and SVM models were trained and constructed based 

on 80% experimental data with the values of high R2 of 

0.9802 and 0.9975 for cyanide leaching rate and R2 of 

0.9887 and 0.9398 for adsorption rate respectively. The 

SVM model predicted the leaching rate of gold with the 

values of R2 and RMSE of 0.6112 and 0.974 while for 

adsorption process, values were 0.8246 and 3.6289 

respectively.  

 

Also, the simulation results demonstrated that ANFIS model 

had a much better performance than the SVM in the 

predictions with R2 and RMSE of 0.8602 and 0.5589 for the 

leaching efficiency and 0.9621 and 1.738 for the adsorption 

rate of gold respectively. Meanwhile, the ANFIS predictions 

showed an excellent agreement with the experimental 

values. Ultimately, the findings proved that the ANFIS 

model could be considered as a cost-effective, powerful and 

easy technique to simulate and model the cyanidation and 

adsorption processes of gold as a function of influential 

factors. 
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