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Abstract

:

Copper oxide ore is an important copper ore resource. For a certain copper oxide ore in Yunnan, China, experiments have been conducted on the grinding fineness, collector dosage, sodium sulfide dosage, inhibitor dosage, and activator dosage. The results showed that, by controlling the above conditions, better sulfide flotation indices of copper oxide ore are obtained. Additionally, ammonium bicarbonate and ethylenediamine phosphate enhanced the sulfide flotation of copper oxide ore, whereas the combined activator agent exhibited a better performance than either individual activator. In addition, to optimize all of the conditions in a more reasonable way, a combination of the 5-11-1 genetic algorithm and back propagation neural network (GA–BPNN) was used to set up a mathematical optimization model. The results of the back propagation neural network (BPNN) model showed that the R2 value was 0.998, and the results were in accordance with the requirement model. After 4169 iterations, the error in the objective function was 0.001, which met the convergence requirements for the final solution. The genetic algorithm (GA) model was used to optimize the BPNN model. After 100 generations, a copper recovery of 87.62% was achieved under the following conditions: grinding fineness of 0.074 mm, which accounted for 91.7%; collector agent dosage of 487.7 g/t; sodium sulfide dosage of 1157.2 g/t; combined activator agent dosage of 537.8 g/t; inhibitor dosage of 298.9 g/t. Using the combined amine and ammonium salt to enhance the sulfide activation efficiency, a GA–BPNN model was used to achieve the goal of global optimizations of copper oxide ore and good flotation indices were obtained.
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1. Introduction


Copper oxide is an important mineral resource, and studying the recovery of low grade copper oxide is of great importance for solving the problems of the shortage of copper resources and promoting its efficient utilization [1,2,3]. The recycling methods of copper oxide mainly include flotation, leaching, and dressing-metallurgy. Flotation is the most widely used copper recycling method [4,5,6]. Because of the hydrophilic nature of copper oxide minerals, vulcanizing agents are generally added to make the surface of sulfide minerals hydrophobic for flotation. However, most copper oxide ores are associated with copper sulfide minerals. The vulcanizing agent reacts on the interface of copper oxide and exhibits different degrees of inhibition on copper sulfide minerals [7,8]. Therefore, the development of effective activators is needed to solve these problems. On one hand, the sulfide concentration in the interface of copper oxide minerals should be increased, but on the other hand, the inhibition of the vulcanizing agent on copper sulfide minerals should be reduced [9].



Recently, some studies have been conducted on the activators used in the recycling of copper oxide minerals [10]. These studies have revealed problems, such as an unsatisfactory activation effect and high consumption of the activator. Some studies have shown that the combination of amine and an ammonium salt activator exhibits a satisfactory effect on the flotation of sulfide in copper oxide minerals [11,12,13]. One of the works studied copper oxide minerals from Yunnan, China, using the sulfuration flotation method. The activation effect of amine and ammonium on copper floatation indices was examined. Meanwhile, on the basis of the experimental study, an optimization model to reasonably predict the recovery of floatation concentrate was established to improve the flotation effect of copper oxide minerals and provide references for production and further research.



The optimization models of flotation have mainly included traditional models, such as the orthogonal design, response surfaces method, and factor design. Furthermore, a neural network model has been developed in recent years [14,15]. Results from some previous studies have shown that the prediction and optimization of experimental data using the neural network model was better than those of the response surface method [16,17]. In particular, the combined model tended to have more advantages than the individual neural network model. In a combined model, the neural network is combined with one of the other models, namely the genetic algorithm, particle swarm algorithm, simulated annealing algorithm, and support vector machine. In particular, the combined model of the genetic algorithm (GA) and back propagation (BP) neural network has most commonly been used in recent years [18,19,20].



The BP neural network is a kind of multilayer feed-forward neural network, whose transfer function of the neurons is an S type function, and the output is a continuous quantity between 0–1. The model can produce arbitrary nonlinear predictions from input to output [21,22]. The BP neural network algorithm has become one of the most important models of the neural network and has been widely used in chemical, safety, and electrical industries. The genetic algorithm is a random search method that simulates natural selection and the genetic mechanism of Darwinian evolution in biological evolution processes, and using this method helps in searching for the optimal solution. As a discontinuous or differentiable global optimization algorithm to solve the objective function, the BP neural network lacked the ability to optimize and made up for the deficiency of the neural network because it has the advantages of a good global searching ability, potential parallelism, ability to compare multiple individuals at the same time, and a simple process. The combined model of the genetic algorithm and BP neural network has been widely used in experimental design and optimization. Furthermore, the application of the combined model has also been reported in flotation experiments. Using the neural network and genetic algorithm, Allahkarami [23] established a mathematical model to improve the copper recovery and grade in the process of industrial flotation. The feed-forward neural networks of 10-10-10-4 with two hidden layers were selected, and studied under various conditions of pH, dosage of reagents, granularity content of below 75 µm, and feeding granularity. The initial weights of the neural network were optimized using the genetic algorithm. The results showed that the model based on the genetic algorithm and neural network was better than that based on the individual neural network. In addition, Dong [24] used the genetic algorithm and neural network to establish a parameter prediction model for gold mine mill-grinding and the flotation process. Furthermore, Tang [25] established a slurry pH prediction model based on the mixed adaptive genetic neural network of bubble visual information. Copper oxide flotation indices have mainly included recovery and grade. The test was conducted mainly to improve the recovery of flotation concentrate. A prediction optimization model of copper oxide flotation concentrate, which was based on the genetic algorithm and back propagation neural network (GA–BPNN), was established considering the single factor experimental data. In addition, a regression analysis model was established for comparing the results.




2. Materials and Methods


2.1. Materials


The test core samples were taken from an undisclosed location in Yunnan province, China. The particle size distribution of the undressed ore mineral was not uniform, and it largely showed a block, conglomeratic, and plate-type distribution. The XRD spectrum of the undressed ore is shown in Figure 1. It can be seen from Figure 1 that the original mineral belonged to high-alkaline minerals. The gangue was mainly composed of dolomite and quartz. The copper-containing minerals mainly consisted of malachite and chalcopyrite. The copper phase analysis results are presented in Table 1. It can be seen from Table 1 that the total copper content, oxidation rate, and combination rate were 0.47%, 50.66%, and 12.34%, respectively. These values showed that the oxidation rate was higher; this belonged to low-grade copper ore, which is difficult to oxidize. Based upon these values, it can be said that the sulfide flotation method can be used to effectively recycle copper mineral resources.



Some commonly used flotation reagents include sodium sulfide (industrial-grade), ammonium bicarbonate (industrial-grade), ethylenediamine phosphate (industrial-grade), isoamyl xanthate (industrial-grade), sodium hexametaphosphate (industrial-grade), and sodium silicate (industrial-grade). The equipment used in the current study included an XMQ67 type ball mill produced by Wuhan prospecting machinery, China, HG101-3 type electrothermal blower produced by Nanjing testing instruments, China, and XFD type small flotation machine produced by Jilin prospecting machinery, China.




2.2. Experiments


Ore mineral samples were crushed to −3 mm size using a laboratory crusher, and crushed samples were preserved for further use. A 500 g ore sample was taken for each test. After a certain period of grinding in a wet ball mill, the pulp was moved into an XFD-Ⅲ flotation tank, which had a volume of 1.5 L. According to the dosing formulation system, the reagent was selected and added to the mixture. As shown in Figure 2, the flotation process used was the “two roughing-one scavenging”. The flotation reagents were matched with a certain solution concentration and were added directly to the pulp. In this work, sodium sulfide was used as the vulcanizing agent; ethylenediamine phosphate and ammonium bicarbonate and the combination of two kinds of activators were used as the activation agent; the collector was isoamyl xanthate; sodium hexametaphosphate and sodium silicate were selected as inhibitor agents; 2# oil was the foaming agent. The temperature was room temperature (298.15 K), and ultrapure water was used as the flotation water. Because of the limitation of process conditions, the influence of pH was not considered. After the flotation, the flotation concentrate was filtered using vacuum filtration, and then the filtrate was placed in a drying oven for drying. After drying, the filtrate was weighed and shrunk. Then, the sample of the copper grade in the concentrate was tested. Based upon the test results, the recovery was calculated.





3. Results and Discussion


Considering the low grade oxidized copper ore in Yunnan province (China), first, a single factor experiment was carried out to examine the changes in various factors that affect the flotation indices, and the amine activation effect of the ammonium salt was demonstrated.



3.1. Grinding Fineness


First, under different grinding conditions, the minerals were examined for changes in flotation concentrate and recovery of copper grade. The ground particles finer than 0.074 mm accounted for 70%, 75%, 80%, 85%, 90%, and 95% of the total ground sample respectively. Under the conditions of a fixed collecting agent dosage of 600 g/t, vulcanizing agent dosage of 1000 g/t, and foaming agent dosage of 100 g/t, the experiments were carried out. The obtained results are shown in Figure 3.



It can be seen from Figure 3 that the content particles that are of −0.074 mm accounted for 90%, and 78.73% of the highest flotation recovery were obtained. When the grinding fineness was lower than 90%, the flotation index was not ideal, which was because of the insufficient dissociation of copper mineral, which could not be sufficiently increased. When the grinding fineness was higher than 90%, the flotation index decreased, which can be attributed to granular slime. Meanwhile, the sulfide ores containing copper was inhibited due to the addition of vulcanizing agent. The flotation concentrate copper grade first increased and then exhibited a decreasing trend, whereas it had the highest value for the grinding fineness of 85%. Therefore, the optimum grinding fineness for −0.074 mm was the one that accounted for 90%.




3.2. Dosage of the Collecting Agent


The dosages of collecting agent tested were 200 g/t, 300 g/t, 400 g/t, 500 g/t, 600 g/t, and 700 g/t, and the grinding fineness was fixed at −0.074 mm accounting for 90% of the total ground sample. In addition, the vulcanizing agent dosage was set to be 1000 g/t, and the inhibitor agent dosage was 300 g/t. The foaming agent dosage was kept the same and had a value of 100 g/t. The single factor experiment for the collecting agent dosage was carried out, and the results are shown in Figure 4.



It can be seen from Figure 4 that the recovery rate of the oxide copper flotation increased with an increase in isoamyl xanthate dosage, which was 500 g/t later, and became unaffected with changes in isoamyl xanthate dosage. The grade of flotation concentrate was gradually reduced with the increase in isoamyl xanthate dosage. Therefore, in the following single factor experiments, the dosage of isoamyl xanthate was kept to be 500 g/t.




3.3. Dosage of Vulcanizing Agent


The dosage of vulcanizing agent is also an important factor for the flotation study of copper oxide ore. The experiments were conducted for sodium sulfide dosages of 400, 600, 800, 1000, 1200, and 1400 g/t. Furthermore, the collecting agent dosage was 500 g/t, and the foaming agent’s dosage was 100 g/t. Additionally, the grinding fineness was −0.074 mm accounting for 90%. The experimental results are as shown in Figure 5.



It can be seen from Figure 5 that when the sodium sulfide dosage was 1200 g/t, the recovery rate was the highest and reached a value of 79.83%%, which corresponded to a grade of 2.88%. Furthermore, the copper grade increased with an increase in dosage of sodium sulfide. Additionally, when the sodium sulfide dosage was 1200 g/t, the recovery rate was the highest. Therefore, in the following single factor experiments, the sodium sulfide dosage was set to be 1200 g/t.




3.4. Dosage of the Activation Agent


On one hand, the addition of sodium sulfide enhanced the interfacial vulcanization of the oxidized ore, the hydrophobicity of the interface of the oxidizing ore, and the flotation effect of the oxidized ore. However, on the other hand, it inhibited the sulfide ore, which was detrimental to the flotation of sulfide ore. Therefore, the use of an activator was needed; an activator plays an important role in achieving an enhanced oxidation of the ore and the reduction of sulfide for reducing the inhibitory effect. In this study, ethylenediamine phosphate and ammonium bicarbonate were used individually, and a combination of these were used as combined amine and ammonium salt to examine the effect of flotation on copper oxide minerals. Ethylenediamine phosphate is as a copper oxide flotation activator, has a wide range of applications in industrial production, and achieves good results. First, the activation effects of ammonium bicarbonate and ethylenediamine phosphate were explored. Six different dosage rates of ethylenediamine phosphate were selected for the experiments. These dosage rates were 50, 100, 150, 200, 250, and 300 g/t. The dosage rates for ammonium bicarbonate were 200, 300, 400, 500, 600, and 700 g/t. Furthermore, the collecting agent dosage and foaming agent dosage were 500 g/t and 100 g/t, respectively. In addition, the grinding fineness was −0.074 mm accounting for 90%e, and the vulcanizing agent dosage was set to be 1200 g/t. The test results are as shown in Figure 6 and Figure 7.



It can be seen from Figure 6 and Figure 7 that both ammonium bicarbonate and ethylenediamine phosphate had a positive effect on sulfide flotation of copper oxide ore. Additionally, the dosage of ethylenediamine phosphate was obviously lower than that of ammonium bicarbonate. As low-dosage activators, the optimal dosages of ethylenediamine phosphate and ammonium bicarbonate were 150 g/t and 600 g/t, respectively. On the basis of a single-factor activator test, a dosage test was conducted on the combined activator (combination of amine and ammonium salts). The test selected a combination of amine and ammonium salts as the activator to investigate the flotation effect of copper oxide mineral. The dosage rates of the activator agent were 110, 220, 330, 440, 550, and 660 g/t, and the ratio between ammonium bicarbonate and ethylenediamine phosphate was 10:1. Furthermore, the collecting agent, vulcanizing agent, and foaming agent dosages were 500 g/t, 1200 g/t, and 100 g/t, respectively. The grinding fineness was −0.074 mm accounting for 90%. The results are shown in Figure 8.



The results presented in Figure 6, Figure 7 and Figure 8 show that the dosage for the combination of amine and ammonium salts was significantly less than that for the individual salts (when used as activators). Additionally, the combined activation agent had an obvious effect on the flotation recovery of copper and exhibited more stringent requirements for the dosage. When the dosage was low, the activation effect was not obvious. At a high dosage rate, an obvious inhibitory effect was observed on the mineral. Jiang and Mao [12,13] studied the enhancement of copper recovery from pure mineral malachite through experiments using the combined ammonia-ammonium activator. The results showed that the combined ammonia-ammonium activator (based on ethylenediamine phosphate and ammonium bicarbonate) exhibited better activation effects along with good synergistic effects. The results were in accordance with those obtained in the present study. Therefore, the dosage of 440 g/t was preliminarily selected for the combined activator agent to carry out further investigations.




3.5. Dosage of the Inhibitor Agent


On the basis of the above test results, the ratio of sodium hexametaphosphate and sodium silicate was selected to be 1:1. The dosages were 100 g/t, 200 g/t, 300 g/t, 400 g/t, 500 g/t, and 600 g/t. Furthermore, the grinding fineness was kept the same as −0.074 mm accounting for 90%. The dosages of vulcanizing agent, combined activator agent, and collecting agent were 1200 g/t, 440 g/t, and 500 g/t, respectively. The results are shown in Figure 9.



It can be seen from Figure 9 that the flotation recovery of the copper oxide mineral reached a maximum value of about 300 g/t for the inhibitor. The addition of inhibitor can improve the flotation recovery of the copper oxide ore; however, the effect was quite small. Furthermore, low and high dosages of the inhibitor showed an adverse effect on the flotation recovery.



The results of single-factor tests showed that by controlling the grinding fineness, collecting dosage, sodium sulfide dosage, combined activator agent dosage, and inhibitor dosage, better sulfide flotation indices of copper oxide ore can be achieved. Compared with the individual ammonium bicarbonate and ethylenediamine phosphate salts, the combined activator agent showed a better activating effect, and the dosage required was also lower than that of the individual ammonium bicarbonate. To optimize all of the conditions in a more reasonable way, the BP neural network and genetic algorithm were combined, and the results are discussed in the following section.




3.6. Prediction from the BP Neural Network


Five variables, namely, the (a) grinding fineness, (b) combined activator agent dosage, (c) sodium sulfide dosage, (d) collecting agent dosage, and (e) inhibitor dosage were selected as the input layer neurons for the BP neural network. Based upon this, the recovery rate of the oxide copper flotation concentrate was estimated as the output factor. In this way, based on the flotation concentrate recovery rate and operating conditions, the BP neural network prediction model was established. The input node number of the model was 5, and the output node number was 1. It is worth mentioning that when the input layer node was N, the hidden layer nodes were chosen to be 2 N + 1 [26,27,28]. Under these conditions, the identified single hidden layer BP network could accurately reflect the actual situation and could guarantee the accuracy of the network. Therefore, the hidden layer neurons were set to be 11 [29,30], and the BP neural network structure was set to be 5-11-1, as shown in Figure 10.



MATLAB (MathWorks, Massachusetts, United States) was used to carry out the numerical calculations and simulations of the BP neural network algorithm. Furthermore, C language was used for programming and to call the corresponding toolkit function. In the BP neural network algorithm, Equation (1) in the input layer was used to input the original data to carry out the process of normalization [31,32].


   X i  =    X i ′  −  X  min      X  max   −  X  min      



(1)




where    X  max    ,    X  min     and    X i ′    respectively represent the maximum, minimum, and experimental values of the original sample data.



The sigmoid function was used as the transfer function in the network hidden layer. The gradient descent method was used to train, and the “traingd” function was selected as the objective function.



As shown in Figure 3, Figure 4, Figure 5, Figure 8 and Figure 9, 30 groups of experimental data were used as the samples for the BP neural network model. These data samples were randomly sorted. Additionally, 20 groups of data were randomly selected as the optimization samples for the BP neural network, and the remaining 10 groups of data were selected as the test samples used to test the network model. The results of the BP neural network calculations were stored for the next step of the genetic algorithm. The minimum error for the objective function was set to be 0.001 (for convergence), the iteration process was repeated 10,000 times, and the vector value was 0.05.



The BP neural network algorithm was run. It was found that the fitting line of the copper recovery, as predicted by the BP neural network model, was consistent with the target line. The coefficients of deter-mination (R2) value was 0.998, as shown in Figure 11, showing good agreement between the experimental and predicted results. Figure 12 shows the values of error for the BP neural network predictions. After 4169 iterations, the optimization target had an error of only 0.001 and met the maximum error requirement. Figure 13 shows the predicted output values of the training performance (in graphical form).



To intuitively test the accuracy of predictions made by the BP neural network, the relationship between the copper recovery prediction rate and the actual value is shown in Figure 14. It can be seen from Figure 14 that the predicted copper recovery rate from the BP neural network model was consistent with the experimental value, showing accurate results obtained using the BP neural network model.




3.7. Genetic Algorithm Optimization


The genetic algorithm model was used to optimize the data obtained from the BP neural network model. The input and output values were consistent with those of the BP neural network, and the parameter design values are presented in Table 2. After 100 generations, the fitted results are shown in Figure 15.



After genetic algorithm optimization, the results obtained were as follows: the maximum predicted output value was 87.62, and the independent variables a, b, c, d, and e had the values of 91.7, 537.8, 1157.2, 487.7, and 298.9, respectively. To verify the reliability of the optimization results, the optimization parameters of the selected model were tested. The grinding fineness, combined activator agent dosage, sodium sulfide dosage, isoamyl xanthate dosage, and inhibitor dosage were 92%, 550 g/t, 1150 g/t, 500 g/t, and 300 g/t, respectively. A recovery of 87.35% was achieved, which corresponds to the grade of 2.68%. Moreover, the flotation recovery was nearly 2% higher than that before the optimization. The results showed that the model based on the genetic algorithm and BP neural network, and when it was used for the cupric oxide flotation, it showed reliable accuracy and optimization ability. As a result, the optimized flotation conditions were accepted.





4. Conclusions


The results of single-factor experiments showed that the activator agent had a good activating effect on the sulfide flotation of copper oxide ore. Compared with the individual use of either ammonium bicarbonate or ethylenediamine phosphate, the combined activator agent had a better activating effect, and the required dosage was also lower than that for the individual activator. The combined activator agent had obvious effects on the copper flotation recovery in that it showed stringent dosage requirements.



The prediction results of the BP neural network model showed that the R2 value was 0.998, and the predicted results were in accordance with the experimental values. After 4169 iterations, the objective function showed an error of only 0.001, which met the requirements of convergence. The predicted results obtained from the BP neural network model were consistent with the experimental values, and the model achieved high accuracy. The prediction precision was better than that of the regression analysis.



The genetic algorithm of the GA–BPNN model was used to optimize the BP neural network model. After 100 generations, a maximum predicted output value of 87.62% was achieved. The optimization parameters of the selected model were tested. The grinding fineness, combined activator agent dosage, sodium sulfide dosage, isoamyl xanthate dosage, and inhibitor dosage were 92%, 550 g/t, 1150 g/t, 500 g/t, and 300 g/t, respectively. The flotation recovery of 87.35% was achieved, and the grade was 2.68%. Moreover, the flotation recovery was nearly 2% higher than that before the optimization. Furthermore, the GA–BPNN model achieved high prediction accuracy.



Under the experimental conditions, this study only considered the fineness of grinding, amount of activator, amount of vulcanizing agent, amount of collector, and amount of inhibitor. The effects of pH and temperature shall be considered in a future study. Meanwhile, it is possible to establish a predictive optimization model for copper recovery. This study provides direction for future research in areas such as the particle swarm optimization algorithm and simulated annealing algorithm, which is equivalent to the neural network model.
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Figure 1. XRD analysis of materials. 
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Figure 2. Flow chart of the two roughing-one scavenging mineral processing. 
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Figure 3. Influences of the grinding fineness of copper oxide flotation index. 
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Figure 4. Influences of the collecting agent dosage of the copper oxide flotation index. 






Figure 4. Influences of the collecting agent dosage of the copper oxide flotation index.



[image: Processes 09 00583 g004]







[image: Processes 09 00583 g005 550] 





Figure 5. Influences of the sodium sulfide dosage of the copper oxide flotation index. 
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Figure 6. Influences of the ethylenediamine phosphate dosage of the copper oxide flotation index. 
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Figure 7. Influences of the ammonium bicarbonate dosage of the copper oxide flotation index. 
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Figure 8. Influences of the amine-ammonium combination activating dosage of the copper oxide flotation index. 
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Figure 9. Influences of the inhibitor dosages of the copper oxide flotation index. 
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Figure 10. Flow chart of the back propagation (BP) neural network model. 
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Figure 11. Fitting line of the copper recovery predicted by the BP neural network model. 
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Figure 12. Mean squared error in the process of the BP neural network training. 
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Figure 13. Training performance of the back propagation neural network (BPNN) model. 
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Figure 14. Comparison of predicted values between BPNN and regression analysis. 
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Figure 15. Best fit convergence of genetic algorithm (GA)–BPNN. 
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Table 1. Results of copper phase analysis.
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	Copper Phase
	Content/%
	Percentage/%





	Free oxidized copper
	0.18
	38.30



	Conjunction oxidized copper
	0.058
	12.34



	Chalcanthite
	0.022
	4.68



	Copper sulfide and others
	0.21
	44.68



	Total copper
	0.47
	100
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Table 2. Values of genetic algorithm parameters design.
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	Parameters
	Value





	Population size
	30



	Mutation probability
	0.2



	Crossover probability
	0.4



	Number of generations
	100



	Initial population
	Random generated
















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2021 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
® » o
8 1 4

Concentrate recovery/%
%

80

A
. 1
—n— Recovery
—A— Grade 4
\ A/ o
— A/
200 300 400 500 600 700

Dosage of ammonium bicarbonate/g/t

3.05

3.00

9
2

Concentrate grade/%

2.90

9
2

2.80





media/file4.png
Raw ore

Roughing |
8min | Roughing I
[ 7min | Scavenging
8min
Concentrates v Tail‘i'ngs

Middlings





media/file30.png
Fitness Value

Mean fithess
—— Best fithess

10

20

30

1 4 1
40 50
Generation

60

70 80 90

100





media/file18.png
Concentrate recovery/%

3.2

3.1

3.0

85 -
/./
|
A
o \\
A
A
83 -
—m— Recovery .
A —aAa— Grade
82 1 ' 1 ' I ' 1 1 I
100 200 300 400 500 600

Dosage of inhubitors/g/t

Concentrate grade/%





media/file21.jpg
12

@ Date

Fitline R*=0.99794

-04

00
Target

04

08

12





media/file26.png
—a— Training expected outputs
—a— Training prediction outputs






media/file27.jpg
[F+—Testing expected outputs
|—8— Testing prediction outputs|

Samples

7

10

n





media/file3.jpg
Raw ore

Roughing [

8min Roughing 1T

Scavenging

v
Concentrates v Tailings

Middlings





media/file22.png
-

— Fitline R*=0.99794

Date

0.4

0.0
Target

0.4

0.5





media/file19.jpg





media/file7.jpg
Concentrate recovery/%

5
©

5
®

=
=

~
@

75

Sy T

e

o
—=— Recovery
—A— Grade

e,

A

200

300 400 500 600
Dosage of collectors /g/t

700

o o
© o
Concentrate grade/%

t
®

27





media/file28.png
—a— Testing expected outputs
—&— Testing prediction outputs






media/file10.png
||
./ ER“I

78
S
N
E‘ 76 A
§ 74 ‘\

. A

=
2
© 72
= "
u A
2 7q - A
= 70
@]

68 —a— Recovery

—a—Grade
66 | | ! I ! I ! ! !
400 600 800 1000 1200 1400

Dosage of sodium sulfide/g/t

3.2

3.1

3.0

2.9

2.8

2.7

Concentrate grade/%o





media/file14.png
84 - A
._‘_‘_‘—‘——_._ —
SS ]
-~
L 83
3 " |
D A
5 —u— Recovery
E 827 —a— Grade ]
)
=
8 81 4 \ ‘/‘ i
/ ‘/
»
80 I I T I T I T I I
200 300 400 500 600 700

Dosage of ammomnium bicarbonate/g/t

3.05

3.00

Concentrate grade/%o





media/file11.jpg
295

9%/9PEIS R NUIIUOD
g & 2
S

200
Dosage of ENP/g/t

100

w
o
&

o w °
o — s
& =] ®

9/6/K19A02.1 2EIUIUO,

o
S
8

o)

80.0





media/file6.png
Recovery/®o

lf""’!’j .\

T8 S / u
]
TE
N \
A
T2 4
70 /,/"
A —m— Recovery
A —a— Grade
68 T T T T T T T T T
F0 ) a0 85 S0 35

Grinding fineness/%(-0.074mm

account)

3.2

3.1

3.0

z.9

2.8

z.7

Z.6

Grade/®o





media/file15.jpg
2

A

Concentrate recovery/%
=z B

g8

a3
2

~ /¢

A

N e

—a— Grade

100 200 300 400 500 600 700
Dosage of activator/g/t

290

+2.80

4275

270

Concentrate grade/%





nav.xhtml


  processes-09-00583


  
    		
      processes-09-00583
    


  




  





media/file16.png
=]
n

=21 =] (=]
(=] o e
1 ] 1

Concentrate recovery/%o
=
|

80

79

Vo

N

“ —a— Grade

100 200 300 400 500 600 700

Dosage of activator/g/t

2.90

Concentrate grade/%





media/file2.png
4500

4000
3500

3000

Intensity/s™!
[\ o
e vy
o e
= =

1000

500

1500

1—Dolomite
2—CQuartz






media/file20.png
— — — — — — a—

| Output layer(1) JI
—— g —=






media/file23.jpg
Mean Squared Error (MSE)

10°

[—— Train curve|
- Best
101 - Goal
102 4
10% 4 R =
1ot T T T T T T T
0 S0 1000 1500 2000 2500 3000 3500

4169 Epochs





media/file5.jpg
Recovery/%

20

78

76

7

7

70

68

e N

s

| /\/

—=— Recovery
—a— Grade
75 80 85 50 95

Grinding fineness/%(-0.074mm account)

32

31

EX)

25

28

27

26

Grade/%





media/file24.png
Iean Squared Error (WMSE)

100

10

102

Train curve
g Best
Goal
I T [ T I T [ T I T [ T [ T I
0 300 1000 1500 2000 2500 3000 3500 4000

4169 Epochs






media/file29.jpg
Fitness Value

764

—=— Mean fitness
Best fitness

74

10

2

30

40 50
Generation

60

7 80 90

100





media/file1.jpg
4500

4000 -
230011y 1—Dolomite
3000 |- 2—Quartz
T 2500
2
Zaom
E

1500

1000

500

0

20 30 40 50 60 70 80

20/deg





media/file25.jpg
BPNN outputs
33 R F BB R

S
&

ES
&

g expected outputs
|—e— Training prediction outputs

=3






media/file12.png
2.95

o\m\uﬁ,m.ﬁm Ae.NUDUOD)

= w = w
S o e o
~ ~ ~ ~
T T T T T
e o
| [ | 1% ]
] A
md
o =
r O
. 4 | |t
)
-
e
o
« rsE
A
Yy
o
ncuw
- N
w
o
A
o
]
—
| ]
T T T T
Lo [ Lo [ Lo [
ol cd — — o o
%} %) o [o%) o (o8,

% .\\m,_o>o J3.1 JBUIDIUO,)





media/file9.jpg
Concentrate recovery/%o

©
g

©

2
3

2

2

3

3

&
&

o
&

\A
/‘

TR

—a—Recovery
—a—Grade

o

2
°

2
%

"
3

400 600 800 1000 1200 1400
Dosage of sodium sulfide/g/t

Concentrate grade/%





media/file0.png





media/file8.png
TS
= =
g\:\ch ||
9 A
L 75+
5
o -
1B
® 77
g \
§ . 1————*__”\
8
D 76
/ —u— Recovery A
—4a— Grade
?5 T T I T T T T T T T T
=00 =00 400 500 S100] TO0

Dosage of collectors /g/t

o
-

0
Q0

Concentrate grade/®o

[
o3

2.7





media/file17.jpg
Concentrate recovery/%

2

®

2

N
p i
—=—Recovery .
« —a—Grade
100 200 300 400 500 600

Dosage of inhibitors/g/t

32

a1

3.0

Concentrate grade/%





