minerals

Article

Research on Multi-Objective Ore Blending Optimization Based
on Non-Equilibrium Grade Polymetallic Mine of Shizhuyuan

Ji Wu 1@, Lingi Huang *, Binquan He 2, Zhongze Li 2, Guohui Chen 2, Gong Chen ? and Xibing Li !

check for
updates

Citation: Wu, J.; Huang, L.; He, B.;
Li, Z.; Chen, G.; Chen, G.; Li, X.
Research on Multi-Objective Ore
Blending Optimization Based on
Non-Equilibrium Grade Polymetallic
Mine of Shizhuyuan. Minerals 2022,
12,1358. https://doi.org/10.3390/
minl12111358

Academic Editor: Luis A. Cisternas

Received: 20 September 2022
Accepted: 24 October 2022
Published: 26 October 2022

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

iations.

Copyright: © 2022 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 (https://
creativecommons.org/licenses /by /
4.0/).

School of Resources and Safety Engineering, Central South University, Changsha 410083, China
2 Hunan Shizhuyuan Nonferrous Metals Co. Ltd., Chenzhou 423037, China
*  Correspondence: huanglingi@csu.edu.cn

Abstract: The ore blending of non-equilibrium grade polymetallic ore is affected by various factors
such as mineral resources, production technology, and economic efficiency. Aiming at the problems
of Shizhuyuan Polymetallic Mine being diverse in nature, uneven in size, having many mining
points, with large grade fluctuation, this paper proposes an optimization method for ore blending
based on an artificial bee colony (ABC) algorithm. A multi-metal and multi-objective ore-blending
optimization model is established with the minimum fluctuation of ore grade, mining transportation
cost, and production capacity as the objective function. The ore mining plan was prepared according
to the actual production situation of the mine and the optimization results. While ensuring that the
average grade of the output ore reaches the minimum selected grade of the beneficiation plant, the
recovery rates of tungsten, molybdenum, and bismuth in the beneficiation plant are significantly
increased by 8.95%, 12.20%, and 8.33%, respectively. This study has discovered the first refined and
high-efficiency blending of polymetallic ore such as tungsten, molybdenum, and bismuth in China,
with simultaneous mining of low-and high-grade ore, cost control, balanced selection of grades, and
coordinated production tasks.
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1. Introduction

Shizhuyuan Mine is rich in mineral resources and has a wide variety of ores. It is
an important non-ferrous metal resource base in China and a world-famous polymetallic
deposit, known as the “World Non-ferrous Metals Museum”. The reserves of ore resources
in the region are about 360 million tons, and there are about 143 kinds of ores, includ-
ing about 747,000 tons of tungsten, accounting for 20.7% of the world’s proven reserves;
about 305,000 tons of bismuth, accounting for 42% of the world’s proven reserves; molyb-
denum, of about 132,000 tons [1]. At present, the general mining system and mining
method of Shizhuyuan Polymetallic Mine have been determined, the scale and layout of
the beneficiation plant have also been finalized, and the basic production conditions and
production processes of the entire mining, transportation, and beneficiation system have
become mature. However, in the actual production process, there are problems such as
large fluctuations of ore grade, low average grade selected, and many mining points, which
make it very difficult to formulate production plans. The most important thing now is
to optimize the management of the system, especially to strengthen the overall quality
management of the ore blending. A multi-metal and multi-objective high-efficiency ore
blending system for Shizhuyuan Mine urgently needs to be established, to promote the
smooth production of the mining enterprise with low cost and high efficiency.

Ore blending optimization should consider the influence of ore grade fluctuation,
mining and transportation cost, recovery rate, and other factors; and the ore type is not
single, making the multi-metal multi-objective allotment optimization research one of the
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hot spots of general interest in the industry [2-6]. At present, scholars have carried out a
lot of research on the optimization of ore blending. Early research mostly involved linear
programming, 0-1 integer programming, the unascertained model, etc. Wilke et al. [7]
proposed the application of linear programming to formulate production plans, and es-
tablished a linear optimization solution model by assigning weights to stopes or working
faces. Wang et al. [8] established a 0-1 integer programming model for ore blending and
introduced a computer program. Li et al. [9] established an operation plan optimization
model based on 0-1 integer programming, aiming at the minimum grade deviation, and
completed the preparation of mining plans. Lin [10] established an unascertained model
for quality control and verified that the method is applicable. However, the above studies
are all single-objective studies, which often cannot meet their production needs in actual
blending production, especially in polymetallic mines. Wang et al. [11] proposed an opti-
mization method for automatic ore blending in open-pit mines based on objective planning,
aiming at the problems of a long time and rough result of ore blending caused by multi-
metal and multi-unloading-point ore blending in open-pit mines. Souza et al. [12] studied
the open-pit mining operation planning problem based on dynamic truck allocation and
proposed an optimization model to minimize the number of trucks under the premise of
ensuring production and grade. Huang et al. [13] proposed a circular geometric constraint
model to solve the ore blending optimization problem in open-pit mines based on the
mining sequence of each ore nugget and the mining geometric constraints in the blasting
process. For the multi-metal multi-objective problem with complex ore blending con-
ditions, the conventional solution method cannot be solved. Therefore, the research on
ore blending optimization is not only developed in the direction of the multi-objective
aspect, but the solution method also combines intelligent optimization algorithms with
computers. Huang et al. [14] used the particle swarm algorithm to solve the dynamic ore
allocation problem of mining enterprises. Yao et al. [15] established a multi-objective ore
blending model for underground mines based on the immune clone selection algorithm.
Xu et al. [16] proposed a fuzzy optimization algorithm to solve the multi-objective ore
blending problem. Gu et al. [17] used the improved gray wolf algorithm to optimize the
multi-objective production planning model of open-pit mines. Moosavi et al. [18] proposed
a method combining the genetic algorithm and Lagrangian relaxation to optimally deter-
mine the production schedule of open pit mines. Sattarvand et al. [19] applied the ant
colony algorithm to mine planning. Shishvan et al. [20] applied the ant colony algorithm
to mining planning, considering various objective functions, nonlinear constraints, and
practical technical limitations.

Currently, there are many calculation methods for allotment optimization. Xu et al. [21]
proposed a fuzzy multi-objective blending optimization algorithm that requires informa-
tion on linguistic preferences and the satisfaction of the decision maker. Mustafa [22]
proposed multi-objective simulated annealing-based chance-constrained programming for
ore blending optimization, where each process of the method is simulated to reproduce the
characteristics or behavior of the phenomenon observed in the available data. Ye et al. [23]
used a genetic particle swarm hybrid intelligence algorithm to optimize the ore blending
with good optimization results, but its calculation speed is slower. The algorithms proposed
in References [16-20] are well-used in the study of ore blending optimization, but they also
have problems such as complex algorithms and slow convergence. The ABC algorithm
proposed in this paper is more convenient, easy to learn, and fast to converge compared
with these algorithms. However, these previous algorithms are based on different projects
to verify the superiority of the algorithm. We also looked for online field data about poly-
metallic mines for calculation. Huang et al. [1] used a genetic algorithm to optimize ore
blending and obtained a tungsten recovery of 8 percentage points when the tungsten ore
grade fluctuated within 10%, while this paper used an ABC algorithm to optimize the ore
blending and obtained a tungsten recovery of 8.95 percentage points when the tungsten
ore grade fluctuated within 3%. Therefore, the ABC algorithm has good applicability in
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multi-metal and multi-objective ore blending optimization, and the optimization results
are good.

To sum up, the research trend of the non-equilibrium grade ore blending optimization
model has developed from single-objective to multi-objective, and the solution method has
also developed from the original conventional linear programming to modern intelligent
evolutionary algorithms, such as the genetic algorithm and particle swarm algorithm.
Among them, the ABC algorithm does not need to understand the special information of
the problem, but only needs to compare the advantages and disadvantages of the prob-
lem, and through the local optimization-seeking behavior of each worker bee, the global
optimum value is finally made to emerge in the colony, which has a fast convergence
speed. A large number of simulation results show [24,25] that the ABC algorithm can solve
multi-dimensional numerical problems better than the differential evolution algorithm,
genetic algorithm, particle swarm, and other algorithms, and can be used efficiently. At
present, few researchers have studied [1,26] the multi-objective ore blending optimization
problem of non-equilibrium grade polymetallic ore with integrated mining and benefici-
ation, associated or symbiotic mineral resources, and few researchers have applied the
ABC algorithm to the multi-objective ore blending optimization problem of a polymetallic
mine. Therefore, this paper takes Shizhuyuan Mine as the background and establishes
an ore blending optimization model in terms of minimum ore grade fluctuation, mining
and transportation cost, and production capacity under the constraints of maximum ore
volume limitation at the mining point, the ore grade requirement at the receiving point,
and maximum production capacity. The main contribution of this paper is that the problem
of uneven distribution of polymetallic ore grades in the Shizhuyuan Mine is addressed by
an optimization approach of multi-metal and multi-objective blending of the polymetallic
ore. Then, this optimization approach is solved by the ABC algorithm. The optimization
results provide theoretical support for planning a reasonable scientific and efficient mining
plan, reducing production costs and improving the recovery rate of polymetallic resources
in Shizhuyuan. It perfects the foundation for the subsequent establishment of a multi-metal
and multi-objective efficient ore blending system at the Shizhuyuan mine.

The rest of this paper is laid out as follows. Section 2 proposes the multi-metal and
multi-objective ore blending model in Shizhuyuan Mine. The ideal-point method is used to
transform the three objective functions into one function for the solution. A penalty function
is used to deal with the constraints, and the constrained multi-objective optimization
problem is transformed into an unconstrained minimization problem. Section 3 introduces
the ABC algorithm to solve the proposed problem. Section 4 uses the multi-metal and multi-
objective ore blending models and the ABC algorithm to optimize the production plan of
the Shizhuyuan Polymetallic Mine. The results show the reliability and practicability of the
method. Section 5 summarizes this research and proposes ideas for future research.

2. Multi-Metal and Multi-Objective Ore Blending Model in Shizhuyuan Mine

This section briefly introduces the multi-metal and multi-objective ore blending prob-
lem in Shizhuyuan Polymetallic Mine. A multi-metal and multi-objective ore blending
model is built, using the ideal-point method to deal with the objective functions and the
penalty function to deal with the constraints.

2.1. Problem Statement

The multi-metal and multi-objective ore blending model [27,28] mainly solves the
problem of non-equilibrium distribution of polymetallic ore grades in the Shizhuyuan
Mine, to ensure that the ore grade fluctuation of the beneficiation plant is relatively small
to improve the ore recovery of the plant. Since ore blending is extremely complex and
influenced by many factors, the following simplifications can be made to build this model.
Assume that the mine has m ore exit points (mining points) and # ore receiving points
(beneficiation plants), and let m ore exit points coordinate the production according to
their respective grades, to ensure that the ore grades of n ore receiving points meet the
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requirements. There are 47 ore exit points (m = 47) and 2 ore receiving points (n = 2) in
the Shizhuyuan Mine. On the premise of meeting the mine production tasks, a scientific
and economical mining plan is formulated to minimize the fluctuation of the ore grade
and the lowest mining and transportation costs. According to the linear programming
model in system engineering and operations research [29], the ore quantity of each mining
point is reasonably allocated, so that the sum of the transportation cost and the mining
cost is minimized after ore blending. Considering that the distance of each mining point
from the beneficiation plant is not much different, the mining cost and transportation
cost are combined, and the transportation cost is charged according to the number of
transportation times. The ore grade of each metal at each mining point, the total amount of
stored ores, the total amount of new ores planned to be mined, and the average minimum
grade and maximum bearing capacity of each metal at each receiving point are known. The
description of basic symbols can be found in Appendix A.

2.2. Model Building

Under the condition of integrated mining and beneficiation, multi-metal and multi-
objective ore blending is a complex nonlinear optimization problem. Its objective function
should consider the fluctuation of ore grade, the ore output capacity of the mining point,
the ore receiving capacity of the beneficiation plant, the mining and transportation cost, and
other factors. In this paper, the objective functions are established in terms of minimum ore
grade fluctuation, mining and transportation cost, and production capacity. Ore blending
also involves various constraints such as the beneficiation plant production plan, average
grade requirements of selected ore, ore recovery rate, and other constraints, ignoring the
constraints of time and space, the mathematical model of multi-metal and multi-objective
ore blending optimization is expressed as follows:
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where the objective Function (1) represents the minimization of the grade fluctuation of the
selected ore in the beneficiation plant; the objective Function (2) represents the minimization
of the mining and transportation cost; the objective Function (3) represents the minimum
value of the mine output requirement; constraints (4) represent the maximum ore quantity
constraint of ore exit point 7, the minimum ore quantity constraint of ore exit point i, the
maximum ore quantity constrained by ore receiving point j, the minimum ore quantity
constrained by ore receiving point j, the rth grade of metal in r kinds of ore is constrained
by the maximum value, t the rth grade of metal in r kinds of ore is constrained by the
minimum value.
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2.3. Processing Objective Function

The ideal-point method [30] is a sorting method for solving multi-attribute decision-
making. In this paper, the ideal-point method is used to deal with the objective function,
and the value of each objective function is as close as possible to its ideal value to solve the
multi-objective optimization problem. First, according to the importance of each objective,
the three objective functions are assigned weights, namely wj, w, and w3, the optimal
solution is selected by comparing the degree of proximity to the objective, and then the
multi-objective solution problem is transformed into a single-objective solution to solve the
multi-objective function solution problem. Finally, the objective function can be expressed
as Equation (5).

f(x) = min(w; fi(x) + w2 f2(x) + w3 f3(x)) ®)

2.4. Processing Constraints

The penalty function [31] is a common way to deal with constraints. Add a penalty
function, convert the multi-objective optimization problem with constraints into solving an
unconstrained minimization problem, construct an obstacle function, introduce a penalty
factor o, obtain an augmented objective function, and finally perform an intelligent al-
gorithm on the augmented objective function solve. In the actual calculation, it is very
important to choose a reasonable penalty factor; if it is too large, it will increase the computa-
tional difficulty for the minimization of the penalty function, if it is too small, the minimum
point of the penalty function will be far away from the optimal solution of the constraint
problem, and computational efficiency is poor. The obstacle function Equation (6) and the
augmented objective function Equation (7):

1 u

P(x) = Y h2(x)+ Y [min{0,gi(x)}]? ©)

i=1 i=1
F(x,0) = f(x)+0oP(x) (7)

where h;(x) represents an equality constraint; g;(x) represents an inequality constraint. / rep-
resents the number of equation constraints. u represents the number of inequality constraints.

3. Solving Ore Blending Model Based on ABC Algorithm

ABC is an emerging swarm intelligence algorithm inspired by bee colony behavior and
proposed for the optimization of algebraic problems. The ABC algorithm was first proposed
by Karaboga in 2005, and the first journal paper [32] describing the ABC algorithm and
evaluating its performance was published by Karaboga and Basturk in 2007. We used the
ABC algorithm to solve the ore blending model. The ABC algorithm consists of three parts:
food source, employed bees, and unemployed bees (onlooker bees and scout bees). The
specific process is briefly described as follows [33-36]. Firstly, employed bees search for
new food sources near known food sources and compare them, save the higher-quality food
source information, return to the hive, and dance the “8” dance to share the food source
information. Secondly, onlooker bees select the higher-quality food source information after
receiving the information, and look for better food sources around these food sources; if
the quality of some food source cannot be improved for a long time, these food sources will
be discarded, and bees that collect these food sources will turn into scout bees and search
for new food sources. Finally, the scout bees will transform into employed bees, and enter
the search again. Onlooker bees, similar to employed bees, retain only higher-quality food
source information. Among them, the number of employed bees is equal to the number of
food sources, and the number of onlooker bees is equal to the number of employed bees.
The flowchart of the ABC algorithm is shown in Figure 1.
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Figure 1. Flow chart of the ABC algorithm.

3.1. Food Source

ABC is an algorithm of combinatorial optimization based on populations; the posi-
tion of a food source represents a possible solution to the optimization problem. In the
Shizhuyuan multi-metal and multi-objective ore blending model, the food source is ore
quantity at each mining point. The location of the initial food source can be decided accord-
ing to Equation (8). At this step, the ABC algorithm generates a randomly distributed initial
population of nPop solutions (food source positions), where nPop represents the size of the
population. Each solution (food source) x;; (i =1, 2, ..., nPop) is a d-dimensional vector.
Both optimizations in this paper are defined with 1000 food sources, i.e., nPop = 1000. The
maximum value of the traversal is 500,000, and the minimum value is 0.

Xig = Ld—i—rand(o,l)(lld — Ld) (8)

where L; represents the maximum value of the traversal; U, represents the minimum value
of the traversal.

3.2. Employed Bees

The employed bees carry the food source information and share the information with
their other companions with a certain probability. At this stage, Equation (9) can be used to
locally search for the location of the food source near the initial food source and judge the
quality of the food source. If the new food source is better than the initial food source, keep
the new food source, otherwise, keep the original food source, and use the greedy rule to
select the food source. That is, the updated ore output of each ore point makes the value of
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the objective function smaller compared with the initial ore output, then the new ore output
is saved. The calculation equation of the greedy algorithm is shown in Equation (10).

Xig""" = Xig+ax §(Xig — Xeq) e Fi 9

where x;; represents the initial food source; x,; represents the adjacent food source;
¢ represents the rate of change of the food source, which is a random number uniformly
distributed in [—1, 1], which determines the degree of disturbance to a certain extent; a is
the acceleration coefficient, usually taking 1.

L f(xia™) = f(xia)
P — T X4, X; new = x; new — { 1 1 10
sl ™) = 3™ = 10, (g < floa) 1
where Ts represents a random mapping in the decision space. This method can maximize
the retention of higher-quality food sources and avoid the occurrence of degradation.

3.3. Onlooker Bees

The onlooker bees do not have any memory of the food source, so the onlooker bees
select the employed bees to follow in a specific way. We use the roulette wheel selection.
The selection probability equation is shown in Equation (11). The better information
the employed bees carry about the ore quantity from each mining point, the higher the
probability of being selected by the onlooker bees.

fiti
pi = (11)
L ity

where fit; is the fitness value of the solution i evaluated by its employed bee, which is
proportional to the nectar amount of the food source in position 7 and nPop is the number
of food sources, which is equal to the number of employed bees. In this way, the employed
bees exchange their information with the onlookers. The fitness is calculated to normalize
the food sources, evaluate the quality of the food sources and select the food sources with
high quality for searching. The fitness calculation equation is shown in Equation (12).

L J1Y/(A+fi),fi>0
flti o {1+61b5(f1'),f1' <0 (12)

where f; represents the objective function value of the ith food source.

3.4. Scout Bees

During the search process, if the food source has not been updated to a better food
source after it reaches the threshold S after frial iterations, the food source will be discarded.
A scout takes charge of searching in the environment that surrounds the beehive’s new
sources of food. The food source position is calculated as Equation (13). To a certain extent,
this process can effectively avoid the ABC algorithm from falling into the local optimum
prematurely and allows it to continue to search for the optimal solution in the global scope.

o {Ld—l—rand(O, 1)(qd — Ly),trial > S (13)
x;, trial < S

4. Applications

In this section, the multi-metal and multi-objective ore blending model and the ABC
algorithm are applied to optimize the production plan of the Shizhuyuan Polymetallic
Mine in 2022. A detailed analysis of the optimization results is presented.
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4.1. Production Plan of Shizhuyuan Polymetallic Mine

Taking the mining plan of Shizhuyuan Polymetallic Mine in 2022 as an example, it
is known that the mine has 47 mining points and two beneficiation plants. The ore grade
of each metal at each mining point (stope), the cost of mining and transportation, the
amount of ore stored in 2021, and the amount of new ore planned to be mined in 2022, are
shown in detail in Table 1. According to the mining plan for 2022, the annual planned mine
output is 2,266,325 tons, the monthly planned mine output is 188,860 tons, and the daily
planned mine output is 7159 tons. The selected target grades of tungsten, molybdenum,
and bismuth from the two beneficiation plants are also different, as shown in Table 2.

Table 1. Ore grade and comprehensive production index of each mining point.

Mining Stope Stope Grade/% Mining an.d Ore Stored Ore Mined The Total
Point Number T Molybd Bi h Transportation in 2021/t in 2022/t Amount of
ungsten olybdenum ismut Cost/Yuan-t — 1 Ore/t
1 Ki1-1 0.258 0.036 0.117 52 3546 0 3546
2 K1-2 0.27 0.043 0.145 52 2913 0 2913
3 K1-5 0.303 0.048 0.16 51 4929 0 4929
4 K1-7 0.54 0.073 0.143 50 4419 0 4419
5 K2-2 0.342 0.057 0.091 45 21,008 0 21,008
6 K2-3 0.201 0.033 0.089 45 11,036 0 11,036
7 K2-5 0.304 0.040 0.105 47 8209 0 8209
8 K2-6 0.334 0.040 0.102 47 5070 0 5070
9 K2-7 0.666 0.05 0.106 49 48,994 0 48,994
10 K2-8 0.49 0.05 0.104 49 12,747 30,000 42,747
11 K3-0 0.378 0.085 0.136 51 6537 0 6537
12 K3-3 0.248 0.036 0.099 51 3532 0 3532
13 K3-6 0.351 0.053 0.164 52 14,190 0 14,190
14 K3-8 0.486 0.063 0.116 52 16,624 0 16,624
15 K4-1 0.283 0.056 0.124 55 12,311 0 12,311
16 K4-2 0.3 0.056 0.137 55 7161 0 7161
17 K4-4 0.314 0.049 0.151 55 30,719 0 30,719
18 K4-6 0.347 0.064 0.168 57 12,780 0 12,780
19 K4-7 0.336 0.053 0.103 57 39,871 0 39,871
20 514-536K5-0-1 0.343 0.03 0.12 58 1266 0 1266
21 445-490K4-6 0.474 0.048 0.105 55 533 30,000 30,533
22 445-470K4-7 0.446 0.102 0.108 55 5000 30,000 35,000
23 470-490K4-7 0.336 0.053 0.103 52 12,676 10,000 22,676
24 K2-3 0.57 042 0.191 52 5000 25,000 30,000
25 K3-3 0.53 0.261 0.073 51 0 25,000 25,000
26 N6, N7 0.255 0.027 0.087 55 56,806 100,000 156,806
27 N1 0.35 0.17 0.094 68 92,794 0 92,794
28 N3 0.35 0.05 0.108 65 921 10,000 10,921
29 N5 0.31 0.067 0.103 57 70,179 0 70,179
30 El 0.442 0.04 0.06 57 96,000 40,000 136,000
31 E3 0.354 0.047 0.101 57 49,000 160,000 209,000
32 E5 0.347 0.036 0.103 56 40,007 279,742 319,749
33 E7 0.326 0.045 0.119 56 0 50,000 50,000
34 N8 0.234 0.032 0.06 55 0 40,000 40,000
35 N9 0.26 0.036 0.07 52 0 20,000 20,000
36 N10 0.14 0.069 0.109 52 0 10,000 10,000
37 C5(P2-P3) 0.598 0.056 0.154 55 0 25,000 250
38 25P3(C6-C7) 0.56 0.060 0.103 53 0 25,000 25,000
39 514p3(C4-C5) 0.66 0.064 0.111 51 0 25,000 25,000
40 514C7(P3-P4) 0.6 0.069 0.103 51 0 20,000 20,000
41 536-603 0.42 0.046 0.101 71 44,184 380,000 424,184
zero panel
42 surface 0.18 0.01 0.104 55 556,913 200,000 756,913
by-products
43 514-610K6-2 0.345 0.082 0.114 58 74,629 350,000 424,629
44 514-610K5-2 0.32 0.032 0.11 58 0 60,000 60,000
45 514-570K4-0 0.36 0.063 0.107 57 0 60,000 60,000
6 OHIKE 0.282 0.068 0104 57 0 40,000 40,000
47 bexcava“"“ 0.2 0.04 0.075 60 0 100,000 100,000
y-products
Total 1,378,165 2,169,742 3,547,907
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Table 2. Selected target grades of metals in the two beneficiation plants.

[v)
Beneficiation Plant Selected Target Grade (%)

Tungsten Molybdenum Bismuth
Dongbo 0.311 0.039 0.101
Shizhuyuan 0.340 0.045 0.103

According to the actual production situation of the mine, the mining points 26-29,
34-36, 38-47, a total of 17 mining points, are transported to the Dongbo beneficiation plant,
and the mining points 1-27, 30-33, 37-38, 40, 42, and 47, a total of 36 mining points, are
transported to the Shizhuyuan beneficiation plant, of which six mining points 26, 27, 38,
40, 42, and 47 can supply ore to Dongbo beneficiation plant and the Shizhuyuan as well.
According to the original ore extraction plan, the grades of tungsten, molybdenum, and
bismuth supplied to the Dongbo beneficiation plant are 0.312%, 0.042%, and 0.099%, re-
spectively, and the grades of tungsten, molybdenum, and bismuth supplied to Shizhuyuan
Beneficiation plant are 0.341%, 0.045%, and 0.101%, respectively, of which the bismuth
supply grade does not reach the selected grade of beneficiation plants, and the production
requirements of the beneficiation plants have not been met and the full utilization of re-
sources has not been realized. Therefore, the multi-metal and multi-objective ore blending
model based on the ABC algorithm can be used to optimize the ore production plan to
solve the actual ore blending problem faced by the Shizhuyuan Polymetallic Mine.

4.2. Experimental Setting

The algorithm is programmed using Matlab. The computer characteristics to execute
the algorithm are shown in Table 3. We define the number of variables as nVar, and the
variable matrix as varSize. The main parameters of the ABC algorithm are shown in Table 4.

Table 3. Computer Characteristics.

Name Characteristics
CPU 11th Gen Intell CoITM) i5-11400F @ 2.60 GHz 2.59 GHz
RAM 8.00 GB
System Type 64-bit operating systems, x 64-based processors
Operation System Windows 11

Table 4. The main parameters of the ABC algorithm.

Parameter Value

Parameter Meanings
Shizhuyuan Dongbo
nVar The number of variables 36 17
varSize Variable Matrix [136] [117]
Ly The maximum value of the traversal 500,000 500,000
U, The minimum value of the traversal 0 0
nPop The number of food source 1000 1000
MaxIt Maximum iterations 300 300
a The upper limit of the acceleration factor 1 1
Q Threshold F = round(0.6 x nVar x nPop)
w1, Wy, W3 Weights wp =04, wy =03, w3 =03
4.3. Results

Substitute the above raw data into the ore blending optimization model, take the
selected target grade of each metal required by the two beneficiation plants as the goal,
and use the ABC algorithm to solve the model. The maximum iterations are 300. The
fitness values of the objective functions are finally close to 0. It verifies the effectiveness
and feasibility of the ABC algorithm in solving the multi-metal multi-objective ore blend-
ing optimization problem. The convergence curve of the Dongbo beneficiation plant is



Minerals 2022, 12, 1358 10 of 15

shown in Figure 2, and the convergence curve of the Shizhuyuan beneficiation plant is
shown in Figure 3.
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Figure 2. Convergence curve of Dongbo.
g X 10° Optimization process
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Number of iterations
Figure 3. Convergence curve of Shizhuyuan.
The optimization results of the Dongbo beneficiation plant are shown in Table 5, and

the optimization results of the Shizhuyuan beneficiation plant are shown in Table 6.

Table 5. The optimization results of the Dongbo beneficiation plant.

Mining Point Ore Output/t Tungsten/t Molybdenum/t Bismuth/t
26 104,376.155 266.159 28.182 90.807
27 35,991.914 125.282 59.287 33.828
28 8079.468 28.278 4.040 8.726
29 58,321.112 180.795 39.075 60.071
34 21,379.885 50.029 6.842 12.828
35 11,469.290 29.820 4.129 8.029
36 8474.469 11.864 5.847 9.237
38 3446.682 19.301 2.068 3.550
39 8491.348 56.043 5.434 9.425
40 3500.704 21.004 2.415 3.606
41 397,898.088 1671.172 183.033 401.877
42 288,386.885 519.096 28.839 299.922

43 152,284.824 525.383 124.874 173.605
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Table 5. Cont.

Mining Point Ore Output/t Tungsten/t Molybdenum/t Bismuth/t
44 38,287.093 122.519 12.252 42.116
45 18,321.052 65.956 11.542 19.604
46 18,319.494 51.661 12.457 19.052
47 28,230.315 56.461 11.292 21.173
Total 1,205,258.777 3800.824 541.608 1217.455
Average ore grade per year/% 0.315 0.045 0.101

Table 6. The optimization results of the Shizhuyuan beneficiation plant.

Mining Point Ore Output/t Tungsten/t Molybdenum/t Bismuth/t
1 1345915 3.472 0.485 1.575
2 946.480 2.555 0.407 1.372
3 3875.622 11.743 1.860 6.201
4 4419.000 23.863 3.226 6.319
5 18,390.348 62.895 10.482 16.735
6 9063.617 18.218 2.991 8.067
7 5658.228 17.201 2.263 5.941
8 2779.094 9.282 1.112 2.835
9 28,971.065 192.947 14.486 30.709
10 20,170.024 98.833 10.085 20.977
11 6537.000 24.710 5.556 8.890
12 1578.710 3.915 0.568 1.563
13 14,190.000 49.807 7.521 23.272
14 12,101.176 58.812 7.624 14.037
15 10,494.773 29.700 5.877 13.014
16 4317.766 12.953 2.418 5.915
17 30,791.000 96.684 15.088 46.494
18 12,000.000 41.640 7.680 20.160
19 12,676.000 42.591 6.718 13.056

20 1266.000 4.342 0.380 1.519
21 10,114.396 47.942 4.855 10.620
22 9247.631 41.244 9.433 9.987
23 20,000.112 67.200 10.600 20.600
24 24,486.000 139.570 102.841 46.768
25 5643.437 29.910 14.729 4.120
26 51,624.000 131.641 13.938 44913
27 17,185.083 59.818 28.308 16.152
30 100,800.000 445.536 40.320 60.480
31 156,241.867 553.096 73.434 157.804
32 310,000.000 1075.700 111.600 319.300
33 50,000.000 163.000 22.500 59.500
37 10,000.000 59.800 5.600 15.400
38 3494.913 19.572 2.097 3.600
40 3569.336 21.416 2.463 3.676
42 148,164.880 266.697 14.816 154.091
47 70,746.265 141.493 28.299 53.060
Total 1,192,889.737 4069.801 592.659 1228.724
Average ore grade per year/% 0.341 0.050 0.103

Tables 5 and 6, respectively, show the ore supply and the ore volume of the three
metals at each ore outlet of the two beneficiation plants. It can be seen from the table
that the ore output of the Dongbo beneficiation plant is 1,205,258.777 tons, at Shizhuyuan
beneficiation plant the ore output is 1,192,889.737 tons, with a total of 2,398,148.514 tons,
while the planned ore output is 2,266,325 tons, meeting the production requirements. In
the process of optimization with the algorithm, the optimized ore output is always larger
than the planned ore output, which is due to the possible overfitting in the optimization
process. In this paper, the penalty function is used to process the constraints to reduce the
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complexity of the model, to avoid overfitting as much as possible. In the actual production
process, the low-grade ore should also be retrieved to achieve simultaneous mining of
low-and high-grade ore to increase the utilization rate of resources and better meet the
requirements of actual mining production. This also verifies the superiority of the model
and improves the economic benefits of the mine.

The proportion of tungsten, bismuth, and molybdenum at each mining point is shown
in Figure 4, among which the ore mining volume of tungsten is the largest, and the ore
mining volume of bismuth is the smallest. The proportion of tungsten ore output exceeds
50% except for No. 24 and No. 36 ore mining points, which is greater than the sum of
the bismuth and molybdenum ore output proportion. This is because, in the optimization
calculation, the ore grade fluctuation affects the optimization result, compared with the
other mining points, the bismuth and molybdenum grades are higher in mining point 24,
and the tungsten grade is lower in mining point 36. This optimization result is in line
with the actual situation and directly verifies the reliability of the model. The proportion
of metal at each ore point in the figure also implies the level of its grade; it can be seen
intuitively that the metal grade of the ore point is high and low, which lays the foundation
for mining engineers to conduct ore blending in real-time in the actual production process

and improves mine production efficiency.

35 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47

Mining point
® Tungsten ® Bismuth = Molybdenum
Figure 4. The proportion of tungsten, bismuth, and molybdenum at each mining point.

Table 7 shows the comparison of the grades of the three kinds of ores before and
after optimization. In the table, you can intuitively see the changes in the grades of the
three metals in the two beneficiation plants after the ore blending, all of which have
reached the target grade, which improves the stability of the ore quality and meets the
mine production target. This also shows that the proposed multi-metal multi-objective ore
blending model based on the ABC algorithm is in line with the actual production of the
mine and improves the quality stability of the ore.
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Table 7. The comparison of the grades of the three kinds of ores before and after optimization.

Beneficiation Plant Metal Type Target Grade/% Originally Planned Grade/% Optimized Grade/%
Tungsten 0.311 0.312 0.315
Dongbo Molybdenum 0.039 0.042 0.045
Bismuth 0.101 0.099 0.101
Tungsten 0.340 0.341 0.341
Shizhuyuan Molybdenum 0.045 0.045 0.050
Bismuth 0.103 0.101 0.103

The ore recovery rate of mining is a measure of the utilization of ore resources and
determines the service life of the mine. Properly increasing the recovery rate can effectively
increase the mineral resources and prolong the service life of the mine. The ore recovery
rate of the original mining plan was 0.45%, and it was 0.491% after optimization, which
was 9.11% higher than that before optimization, which improved the resource utilization
rate. Figure 5 shows the comparison of the recovery rates of the three metals before and
after optimization. The recovery rates of tungsten, bismuth, and molybdenum ores are
greatly improved, rising by 8.95%, 12.20%, and 8.33%, respectively.

0.400
0.341
0.313
. 0.300
X
)
[
£ 0.200
>
Q
Q
qu) 0.096 0.104
0.100
Tungsten Bismuth Molybdenum

® Original mining plan ™ Optimized mining plan
Figure 5. Comparison of recovery rates of three metals.

5. Conclusions

Aiming at the optimization problem of multi-metal and multi-objective ore blending
in Shizhuyuan, a multi-metal and multi-objective ore blending optimization model based
on the ABC algorithm was established, and a scientific and efficient mining plan was
formulated. It effectively solves the problem of multi-objective blending of polymetallic ore
in Shizhuyuan and has important guiding significance for the optimization of ore blending
of similar polymetallic ore.

The multi-metal and multi-objective ore blending based on the ABC algorithm can
help enterprises to achieve economical and efficient ore blending with both simultaneous
mining of low-and high-grade ore, cost control, and a balanced selection of grades. The
optimization results are relatively reliable. The average grades of tungsten, molybdenum,
and bismuth in the Dongbo beneficiation plant’s ore supply increased by 0.96%, 7.14%, and
2.02%, respectively, and the average grade of molybdenum and bismuth in Shizhuyuan
beneficiation plant’s ore supply increased by 11.11% and 1.98%, respectively, and the
average grade of tungsten supply ore remained unchanged. Under the condition that
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the ore grade meets the requirements of the beneficiation plant, the grade fluctuation of
tungsten and bismuth is controlled by 3%, and the grade fluctuation of molybdenum is
basically controlled by around 10%, and the recovery rates of tungsten, molybdenum, and
bismuth of the beneficiation plant are increased by 8.95%, 8.33%, and 12.20%, respectively.

Future research can be carried out in the following aspects: (1) Introduce influencing
factors such as comprehensive utilization rate of mineral resources and transportation
work to reduce the differences with actual production. Because although a better mining
solution than the original one was obtained in this paper, there may still be differences with
the actual production. (2) Future research can also focus on improving the algorithm and
increasing the convergence speed of the algorithm. (3) Based on the existing work, we can
study the establishment of the ore blending algorithm software to optimize multi-metal
and multi-objective ore blending and lay the foundation for intelligent ore blending.
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Appendix A

Table A1. Description of basic symbols.

Basic Symbols Description
. X Xjj The number of ore from ore exit point i to ore receiving point j
Decision variable :
Q Target output of ore blending plan
n The number of ore receiving points
k The number of metal types
m The number of ore exit points
Qri The grade of metal r in the ore at ore exit point i
qr The grade of metal r in the ore at the ore receiving point j
Ci The cost of mining and transportation per ton of ore at ore exit point i
Parameter ! Mining and transportation expectation cost
q;" Maximum output of ore exit point i
g;"n Minimum output of ore exit point i
pi"™ Maximum receiving number of ore receiving point j
p"™" Minimum receiving number of ore receiving point j
&M The maximum value of the 7" grade of metal in r kinds of ore

g The minimum value of the r*/ grade of the metal in r kinds of ore
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