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The leaching process of cobalt using a wide range of experimental variables is described. The treated 
cobalt samples were from the Kalumbwe Mine in the south of the Democratic Republic of Congo. In this 
study, a predictive model of cobalt recovery using both the Taguchi statistical method and an artificial 
neural network (ANN) algorithm was proposed. The Taguchi method utilising a L25 (5

5) orthogonal array 
and an ANN multi-layer, feed-forward, back-propagation learning algorithm were adopted to optimise 
the process parameters (acid concentration, leaching time, temperature, percentage solid, and sodium 
metabisulfite concentration) responsible for the high recovery of cobalt by reducing sulfuric acid leaching. 
The ANN was built with a neuron in the output layer corresponding to the cobalt leaching recovery, 10 
hidden layers, and 5 input variables. The validation of the ANN model was performed with the results of 
the Taguchi method. The optimised trained neural network depicts the testing data and validation data 
with R2 equal to 1 and 0.5676, respectively. 

Significance:
•	 We statistically investigated the main factors (acid concentration, leaching time, temperature, percentage 

solid, and sodium metabisulfite concentration) that affect the cobalt(III) leaching performance using both 
the Taguchi method and artificial neural network model. This allowed us to ascertain that it is indeed 
possible to leach cobalt(III) from oxide ores and to identify the optimum leaching conditions.

Introduction
Cobalt’s utility in green energy and modern industry makes it very important and the price of cobalt is growing 
rapidly due to its high demand. Cobalt is a key component in rechargeable batteries and other consumer electronic 
products and its demand is expected to expand further with the increased use of electric vehicles.1-4 However, the 
cobalt content in the earth’s crust is scarce (only 0.001%).4 The Democratic Republic of Congo deposits represent 
an important resource for cobalt ore5,6 and several deposits are currently in development2,3,7,8. The most common 
cobalts from oxidised ore found in economic deposits include absolane (CoO) and heterogenite (CoOOH (Co2O3)). 
In heterogenite minerals, the cobalt is present in both bivalent and trivalent states. The dissolution of cobalt oxide 
ores may be accomplished in sulfuric acid media but cobalt in a trivalent state leaches only in the presence of 
reducing agents such as sulfur dioxide (SO2)

9, sodium metabisulfite (Na2S2O5) known as SMBS, metallic copper 
powder, and ferrous ions2,8,10,11. Under reducing acid leaching, the dissolution rate of cobalt was reported to be 
faster than that under standard acid leaching.12 In contrast, using SO2 could engender environmental issues due 
to gaseous emissions.13 The use of SO2 derivatives such as sodium sulfite (Na2SO3) or sodium metabisulfite 
(Na2S2O5) reduces or eliminates the environmental risks.13 

The Co(III) reduction can be represented by the electrochemical reaction shown by Equation 18,14:

Co2O3 + 6H+ + 2e- → 2Co2+ + 3H2O 	 Equation 1

More generally, the reaction mechanism for reducing Co(III) to Co(II) by using reducing agents such as sulfur dioxide 
and sodium metabisulfite is still not well understood. Several authors have postulated that the iron contained in the 
ore is responsible for this reduction. On the other hand, some authors believe that the action of SO2 is responsible. 
As for the reaction mechanism for the reduction of Co(III) to Co(II) (case of leaching of heterogenite) with sodium 
metabisulfite (Na2S2O5), the possible reactions are:

Na2S2O5 + H2SO4 → Na2SO4 + 2SO2 + H2O	 Equation 2

SO2 + H2O→ H2SO3	 Equation 3

H2SO3→ HSO3
-
 + H+	 Equation 4

Co2O3 + HSO3
- → 2CoO + HSO4

-	 Equation 5

HSO4
- → H+ + SO4

2-	 Equation 6

CoO + 2H+ + SO4
2- → CoSO4 + H2O	 Equation 7
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The leaching mechanism might involve a direct attack of absolane by 
sulfuric acid, according to Equation 8:

CoO + H2SO4  → CoSO4 + H2O 	 Equation 8

Cobalt recovery can be achieved by solvent extraction, cementation, 
selective precipitation, ion exchange, and electrowinning.4,15-18 The 
choice of method depends on the concentration of impurities, relative 
capital costs for disposal, and related operational preferences.17 Due 
to environmental issues related to SO2 emissions, in this work, sodium 
metabisulfite has been used as a reducing agent. 

Parameter optimisation is used to make the process more efficient. Many 
optimisation methods are described in the literature, such as genetic 
algorithm19,20, differential evolution, simplex linear programming21, and 
experimental designs, especially the Taguchi method22,23. The Taguchi 
method contributes to study the effects of factors and the optimisation 
of the leaching yield.23-26 Reductions in the number of running tests and 
the financial cost, as well as the gain in time, constitute the recognised 
benefit of the Taguchi method in optimising the parameters and/or 
predicting a given response.27 In this approach, the experimental matrix 
is designed, and corresponding responses of the system are identified. 
The artificial neural network (ANN) is an efficient and attractive tool that 
can complete the Taguchi method.

Recently, several studies have been conducted on the applicability of 
ANNs as a predictive model algorithm for cobalt recovery in comparison 
with the particle swarm optimisation algorithm28 and germanium 
recovery in comparison with the genetic algorithm29. Some studies 
relate to the prediction of chemical desulfurisation of Tabas coal and 
the prediction of leaching recovery for Al2O3 with ANNs.30,31 An ANN 
has been used to estimate nitrate concentration in groundwater32 and 
the concentration of major ions in rivers33. Hoseinian et al.34 developed 
the ANN model for predicting column leaching recovery of copper by 
considering four leaching parameters as inputs to the model, namely, 
column height, particle size, acid flow rate, and leaching time.

In this study, the Taguchi method and ANN model were applied for 
process optimisation. The aim was to determine the optimal conditions 
of reducing leaching of cobalt ores in the batch by using the Taguchi 
method and to predict the cobalt recovery by using both the Taguchi 
method and ANNs.

Materials and methods
Materials

Ore sample and experimental procedure 
The raw material was an oxidised copper-cobalt-bearing mineral. 
Samples of the ore were collected from Kalumbwe Mine (operated By 
Kalumbwe Myunga Mining). This mine is located 60 km from Kolwezi 
Town in Lualaba Province, in the south of the Democratic Republic of 
Congo. An ore sample of 5 kg was carefully extracted. After milling, 80% 
of cumulative passing, i.e. P80, had a particle size less than 150 μm. The 
average cobalt contained in the samples was about 0.8%, essentially 
in the oxide form. A chemical analysis was performed using atomic 
absorption spectroscopy. The main elements are shown in (Table 1).

Table 1:	 Chemical analysis of the ore sample

Element Cu Co Fe Mn

Concentration (wt. %) 2.48 0.8 3.8 0.19

The acid-reductive leaching experiments were performed in glass 
beakers that were carefully cleaned with distilled water. According to the 
operational conditions of acid concentration, different leaching solutions 
were prepared by mixing sulfuric acid (98%) with distilled water. The 
sodium metabisulfite (≤98%) was used to maintain the leaching media 
reductive. The whole reagents were analytical grade. The assembly 
was placed on a hot plate equipped with a mechanical stirring device. 
The temperature was monitored using a thermometer that was placed 

permanently in the solution. After each leaching experiment, the 
pregnant solution was separated using a vacuum pump with a 
membrane filter and the cobalt concentrations were determined by 
atomic absorption spectroscopy.

Mineralogical characterisation
Scanning electron microscopy equipped with energy dispersive X-ray 
spectrometry was used to determine the minerals phase of the ore 
sample; the results are given in Table 2.

Table 2:	 Minerals phase of the ore sample

Minerals Composition (wt. %)

CuCO3.Cu(OH)2.Cu2S

CuFeS2

Cu

CuCO3.Cu(OH)2

2CuCO3.Cu(OH)2

Cu3[AlSi3O2](OH)2

CuO

FeS

Talc

Fe2O3.H2O

Fe3O2

MnOx

SiO2

(CaMg(CO3)2)

Co(Mg.Co)(CO3)2

(MgFeCo)(CO3)2

Mica

CuCox

Co2O3.H2O

MgO

MontMorillonite

Apatite, rutile, barite

0.08

0.10

0.01

4.86

0.34

0.40

0.68

0.36

3.94

2.59

2.10

0.27

44.86

7.25

1.34

0.24

8.89

0.03

0.53

13.10

7.12

0.19

Methods 

Taguchi method 
The Taguchi approach involves device design, design of parameters, and 
design of tolerances to achieve a robust process and the best quality 
product.35 Five parameters – namely, acid concentration, leaching time, 
temperature, percentage solid, and SMBS concentration – were selected 
and varied in five different levels as shown in Table 3.

Table 3:	 Different parameters and their levels for the Taguchi method

Leaching parameters Levels 

Acid concentration (g/L) 20 40 60 80 100 

Leaching time (min) 60 90 120 150 180 

Temperature (°C) 25 35 45 55 65 

Percentage solid (%) 10 15 20 25 30 

SMBS concentration (g/L) 2 4 6 8 10 

SMBS, sodium metabisulfite (Na2S2O5)
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A total of 25 leaching batch experiments were conducted according to 
the selected parameters and their levels, in which cobalt recovery was 
identified as a response. This measure was calculated using Equation 9:

rCo = 
CColVl

WCoi

 x 100	 Equation 9

where rCo is the cobalt recovery (%), CCol is the concentration of 
cobalt contained in the pregnant solution (g/L), Vl is the volume of the 
leaching solution (mL) and WCoi is the weight of cobalt in the material 
(g). The value of the experimental performance can be predicted using 
Equation 10:

Yopt = T
n

 + (Ai - 
T
n

) + (Bj - 
T
n

 ) + ... + (Mn - 
T
n

 ) 	 Equation 10

where Yopt is the optimal value of responses, n is the total number of 
tests, T is the sum of all the test responses, and Ai, Bj…Mn are the 
response averages of level i, j, ... n, respectively.

In the Taguchi approach, the response of each experiment and the 
corresponding variation were analysed by using the factor signal/noise 
ratio (S/N). The highest value of the functional metric S/N determined 
by Equation 11 represents the high performance of the response in the 
considered criterion of optimisation.

s
N

 = -10log (
1
n

) Σi
n 1
yi

2	 Equation 11

where yi is the signal (cobalt recovery) measured in each experiment 
averaged over n repetitions. 

The data of S/N report the rank and delta (D) values to identify the 
parameters that have the greatest effect on the cobalt recovery as a 
response variable. The delta value is estimated as the difference between 
the highest and lowest value of S/N for a given operating factor. The 
rank is the tool helper that allows identification of the factor that has the 
largest effect.The factor with the largest delta value affects mostly the 
response. The numerical sorting of the rank values determines the order 
of importance of the factors.36,37

Artificial neural network model
Artificial neural networks were developed in the 1940s for applications 
in science and engineering.30 ANNs are common techniques for 
machine learning which simulates the learning mechanism in biological 
organisms.38 Therefore, an ANN consists of several basic components 
called neurons. The latter are interconnected by weighted links that 
can be modified using ANN training data to solve a specific problem. 
Normally, neurons are organised in layers so that those in the same layer 
behave similarly.39,40 Network architecture refers to the arrangement of 
neurons into layers and the connection patterns within and between 
layers. In general, neurons are not linked inside the same layers. 

The feed-forward network is a popular ANN architecture which only 
connects neurons to the output layer. Back-propagation is a method 
of modifying the weighted connections between neurons using the 
Widrow–Hoff learning method to reduce the error between predicted 
data and input data.40 These configuration procedures of an ANN model 
template include the following steps30: 

1.	 Data collection

2.	 Train and test set determination

3.	 Data conversion into the ANN inputs

4.	 Determining, training, and testing the network topology

5.	 Repeating the steps n times if it is required to determine the 
optimal model

6.	 Application of the optimal ANN model

Due to the complexity of extraction mining worldwide, computer models 
are an important tool for reducing production costs. Recently, in the 

cobalt industry, analytical techniques were introduced to improve both 
the process and the results obtained through the leaching process.39

The back-propagation algorithm was used for network training, which is a 
statistical technique using supervised learning, not always converging to 
the absolute minimum, and has a low convergence rate. The connection 
weights of ANN by the back-propagation algorithm are modified only 
from the local angle, and the entire learning process is not examined for 
the global perspective. So, it can be stopped at a minimum local level.34 
Training of learning works due to the changes in connection weights, 
based on the calculated errors of the observed values, starting from the 
output, and progressing to the input. 

The three-layer, feed-forward back-propagation ANN was constructed 
with five neurons in the input layer for five input variables, ten neurons 
were chosen in the hidden layer, and one neuron was used in the output 
layer corresponding to cobalt recovery as shown in Figure 1. The acid 
concentration, leaching time, temperature, SMBS concentration, and 
percentage solid were variables of the network.

SMBS, sodium metabisulfite (Na2S2O5)

Figure 1:	 Three-layer architecture of the artificial neural network back-
propagation training for prediction of cobalt leaching efficiency.

Both input and output data (before feeding to the networks) are 
standardised in the range of 0.1 and 0.9 (Equation 10)29,41 to reduce the 
influence of outliers and to facilitate network learning42.

p = 0.1 + 0.8 x
pi-pmin

pmax-pmin

where pmin and pmax for all the feeding data vectors are respectively the 
minima and maximum values of the ith node in the input layer (1 ≤ i ≤ n).

The outputs, after the simulation step, are converted back into an 
unnormalised condition by Equation 13:

pi = 1
0.8 x [(p-0.1)x(pmax-pmin)]+pmin	 Equation 13

where pi is the normalised parameter, pmin is the minimum of the actual 
parameters, pmax is the maximum of the actual parameters and p is the 
unnormalised predicted parameter. The multilayer feed-forward with the 
Marquardt algorithm was implemented for the training set. The tangent 
sigmoid function was used as an activation function. The mathematical 
expression of the sigmoid function is indicated in Equation 14:

y=Σj=1LjΣi=1wij*xi
9 9 i  	 Equation 14

where xi represents the ith input value to the neuron, wij
i  represents the ith 

weight associated with the neuron i of the layer j, and Lj represents the 
constant of the jth layer.

The ANN model was used to train the networks, according to the design 
of the experiment showed in Table 4. Of the 25 sets of data collected, 20 
sets (80%) were randomly selected to train the network and 5 sets (20%) 
were used to validate its correctness. These five input variables and one 
output variable constitute the general model as shown in Figure 2, in 
which the number of hidden layer neurons is greater than one. 
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The coefficient of determination (R2), root mean square error (RMSE) 
and mean absolute error (MAE) were used as the performance criteria of 
the ANN model. R2 is a measure of the variability of the data reproduced 
by the model and the observations. MAE and RMSE indicate residual 
errors.42 The values of R2, RMSE, and MAE were respectively calculated 
using Equations 15 to 17:

R2 = 1 - 
Σi=1(Ŷ - Y)2

Σi=1(Ŷ)2

n

n
	 Equation 15

MAE = 1nΣi=1(Ŷ - Y)2n 	 Equation 16

RMSE = 1nΣi=1(Ŷ - Y)2 	 Equation 17

where n is the number of observations, Ŷ is the measured value of cobalt 
recovery, and Y is the estimated value of cobalt recovery by the model.

These criteria were used to evaluate ANN performance in the leaching 
process of cobalt recovery because the input and output data 
were quantitative variables as these criteria are common in model 
performance evaluation. To generate the results with ANN, the use 
of software such as MATLAB® computing environment or another 
advanced calculation program is required, due to the high complexity of 
such a modeling technique.39

Results and discussion
Taguchi method 
The objective was to determine the optimum conditions at which the 
yield of cobalt is maximised. The results of the experiments as per the L25 
(55) array and the corresponding S/N ratios are given in Table 4. 

The average S/N ratio of factors for each variation level is given in 
Table 5. 

These results allowed us to determine the optimum levels of the factors 
according to the S/N ratio. The factor levels that maximise the S/N ratio 
were indicated as the optimal parameters. These values are plotted 
in Figure 3.

The highest average S/N ratios of cobalt recovery for all runs were 
found at Level 2, corresponding to 38.22 for the acid concentration, 
38.16 for the leaching time and 38.05 for the percentage solid, and at 
Level 5, corresponding to 38.33 for the temperature and 38.63 for the 
SMBS concentration (Table 5). Thereby, the optimal combination of 
factor levels for the maximum recovery of cobalt trivalent from oxide 
low-grade ore was: 40 g/L, 90 min, 65 °C, 15%, and 10 g, respectively, 
for acid concentration, leaching time, temperature, solid percentage, and 
SMBS concentration. Table 5 includes ranks based and delta statistics 
(D) which compare the relative magnitude of parameter effects. Based 
on the delta values, the ranks were assigned. From the results showed 
in Table 5, the metabisulfite weight had the highest value of delta, which 
means that the metabisulfite weight had a large effect on the leaching 
process of cobalt(III). The ranking of factors in order of importance was: 
SMBS concentration > acid concentration > temperature > leaching 

time > solid percentage. Figure 3 generated by Statistica Enterprise® 
software gives the levels of factors that optimise the yield of cobalt 
according to the design of experiments as shown in Table 4. 

Under these optimum conditions for cobalt leaching, the predictive model 
corresponding to Equation 9 has given a leaching yield of cobalt equal 
to 98.71%, while the experimental test carried out for confirmation under 
the optimal conditions gave a cobalt recovery of 97.43%. This minimal 
difference between the theoretical and experimental values demonstrates 
the robustness of the Taguchi method and the minimisation of the noise 
factors around the studied response.

Artificial neural network 
Throughout the neighbouring layers, neurons are completely attached to 
each node. During modelling, no concept of bias was used; an impulse 
concept was used to help achieve better convergence during iterations. 
The system ran for 60  000 iterations; with each iteration, an error is 
propagated backward between the expected value and the actual value 
through the hidden layers from the output layer to the input until the error 
is within a reasonable limit.30 In the training step, the ANN model showed 
good performance with R2, RMSE and MAE (%) values of 1, 0.0022, and 
0.01, respectively. In the testing step, the values for a good adjustment 
were 0.5676, 0.0081 and 0.81 for R2, RMSE and MAE (%), respectively 
(Table 6). The results are plotted in Figure 4. It was observed that the 
ANN model could be used to predict cobalt leaching satisfactorily.

The ANN was constructed with experimental data from the Taguchi 
method. Figure 5 shows the comparison of the response of ANN in the 
training process and the measured data. Figure 5 also shows that the 
measured cobalt recoveries are close to the estimated recoveries by 
ANN in the training process.

Conclusion
The Taguchi method and ANN algorithm were implemented to predict 
the cobalt leaching rate from cobalt-bearing ore using sulfuric acid and 
sodium metabisulfite mixture in reducing leaching conditions. Using the 
Taguchi L25(5

5) orthogonal design of experiment and considering the acid 
concentration, leaching time, temperature, solid percentage, and sodium 
metabisulfite concentration as controllable parameters, the optimised 
conditions for the leaching of cobalt were calculated as 100 g/L for acid 
concentration, 60 min for leaching time, 65 °C for temperature, 15% for 
solid percentage, and 10 g for sodium metabisulfite concentration. The 
cobalt leaching yield was 98.71%. In the ANN, the parameters mentioned 
above were considered as inputs and cobalt leaching rate as the output. 
In these networks, a multi-layer ANN back-propagation algorithm with 
{5-10-1-1} was trained by using the Levenberg–Marquardt algorithm 
to predict the cobalt recovery. The R2 values were 1 and 0.56761, 
RMSE values were 0.0022 and 0.0081, and the MAE (%) values were 
0.01 and 0.13, respectively, for the training and testing sets for cobalt 
recovery according to the ANN algorithm. After the validation of the ANN 
algorithm, the training of normalised optimal conditions obtained by the 
Taguchi method gave a leaching yield of 86.82% cobalt, whereas with 
the Taguchi method, the leaching yield was 98.71%. This gap may be 
explained by the parameters chosen in the architecture for the training 
model (the number of the hidden layers, iterations, and the algorithm). 

Figure 2:	 Topology of the neural network architecture in the artificial neural network model.
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Table 4:	 Experiment matrix and results of the leaching tests

Experiment matrix according to design of experiment Taguchi L25 (5
5) Cobalt yield

S/N (for yield)
Test

Acid concentration 
(g/L)

Leaching time 
(min)

Temperature (°C)
Percentage solid 

(%)
SMBS 

concentration (g/L)
Co (%)

1 20 60 25 10 2 64.41 36.18

2 20 90 35 15 4 76.67 37.69

3 20 120 45 20 6 83.97 38.48

4 20 150 55 25 8 75.70 37.58

5 20 180 65 30 10 87.19 38.81

6 40 60 35 20 8 75.88 37.60

7 40 90 45 25 10 93.10 39.38

8 40 120 55 30 2 77.34 37.77

9 40 150 65 10 4 87.87 38.88

10 40 180 25 15 6 74.79 37.48

11 60 60 45 30 4 71.16 37.05

12 60 90 55 10 6 83.62 38.45

13 60 120 65 15 8 85.52 38.64

14 60 150 25 20 10 86.03 38.69

15 60 180 35 25 2 68.93 36.77

16 80 60 55 15 10 89.73 39.06

17 80 90 65 20 2 79.56 38.01

18 80 120 25 25 4 74.33 37.42

19 80 150 35 30 6 79.32 37.99

20 80 180 45 10 8 80.84 38.15

21 100 60 65 25 6 73.50 37.33

22 100 90 25 30 8 73.10 37.28

23 100 120 35 10 10 72.47 37.20

24 100 150 45 15 2 74.09 37.40

25 100 180 55 20 4 66.34 36.43

Table 5:	 Response for signal/noise ratio

Level Acid concentration (g/L) Leaching time Temperature (°C) Percentage solid (%)
SMBS concentration 

(g/L)

1 37.75 37.44 37.41 37.77 37.22

2 38.22 38.16 37.45 38.05 37.49

3 37.92 37.9 38.09 37.85 37.94

4 38.13 38.11 37.86 37.7 37.85

5 37.13 37.53 38.33 37.78 38.63

Delta (D) 1.09 0.72 0.92 0.36 1.4

Rank 2 4 3 5 1
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Figure 3:	 Effects of controllable factors associated with their levels on the statistical performance (signal-to-noise ratio) for the leaching of cobalt.
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Figure 4:	 Predicted cobalt recovery by the artificial neural network model in the training process vs actual measurement.
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Table 6:	 Performance criteria of the predictive ANN model

Criteria
Value

Testing Training 

R2 0.5676 1

Root mean square error 0.0081 0.0022

Mean absolute error (%) 0.1300 0.0100

Figure 5:	 Comparison of measured cobalt recovery with that estimated by the artificial neural network model in the training process.
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The results show that the proposed model can be used to predict the 
cobalt recovery, with a reasonable error, according to the parameters 
affecting the recovery of cobalt.
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