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Abstract

In this paper we introduce an algorithm for solving a micro copper
mine planning problem. In the last 10 years this real-world problem has
been tackled using linear integer programming. The model has 90, 000
constraints and 15,000 variables. In order to obtain a solution in a rea-
sonable time, the model was simplified and solved using CPLEX. The
problem model simplification relaxs many important constraints like ge-
ological and physicals. We propose an algorithm based in ants colonies
ideas which takes into account this kind of constraints and it is able to
find best quality solutions.

1 Introduction

Chile is the world’s largest copper producer and the profit obtained by the
copper extraction has an important role in the country economy. For that, it
is very important to reduce the extraction costs and to improve mine extrac-
tion planning. This problem belongs to the class of combinatorial optimization
problems. In the last 10 years, this real-world problem has been tackled using
linear integer programming. Because any software was able to solve the com-
plete model, it was simplified relaxing some geological and physical constraints.
The simplified model was solved using CPLEX. Because of the success obtained
solving complex problems like timetabling problem, [4], [2], scheduling [1], vehi-
cle routing problem [3], travel salesman problem [5] and real-world applications
[6], [7], [9], [8] using genetic algorithms, tabu search, simulated annealing, local
search techniques, ant colonies, metaheuristics and hybrid algorithms, we have
been motivated to tackle our problem by these techniques. Now, we propose an
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algorithm based on ants colonies which takes into account all the constraints.
The planning of this paper is the follow: In section two we define our real-world
problem, in section three we present the linear integer programming model sim-
plified, in section four we introduce our algorithm. In section five we present the
results obtained using real data and random generated mine planning problems.
Finally, in the last sections we present the conclusions and the future issues.

2 Problem Definition

In a mine we can identify sections, blocks and cells. A mine is composed by
a set of sections. A section is a portion of the working area of a mine. Each
section is divided in big blocks, and the blocks are composed by cells. Our real-
world problem is one section of a copper mine which is composed by m blocks.
The goal is to define the optimal extraction planning. The optimal value is
related to the cost and to the present value of the extraction benefit. The
problem has many types of constraints, like accesability, geologicals, capacity
and economicals.

Accesability:
e Inside a block we must extract the first cell to be able to extract the
second one, and the second one in order to have the third and so on.
e In order to have access to a block, we must pay an habilitation cost.
This cost is only charged to the first cell of the block

Economicals

e The benefit is calculated using an benefit present value with a dis-
count rate of 10%

Geological:

e The biggest type of constraints is called “subsidence constraint”.
Mine subsidence is movement of the ground surface as a result of
the collapse or failure of underground mine workings. This kind of
constraints establishs a physical relation between blocks. The extrac-
tion of a block defines an upper cone. The extraction of the blocks
belonging to this cone is not allowed because of physical laws. In
other words the blocks in the cone will be inhabilated for ever.

Capacity
e We are able to extract a maximum of & cells by year.

The optimization is for a 20 years planning.



3 Model

In this section we present the linear programming model solved using CPLEX.

Goal : Maximize NPV (Net Present Value)

Variables:
- _ | 1 ifblock i is exploited in ¢ (1)
#ut =1 0 otherwise
- 1 if blocks group j is habilitated in ¢ (2)
771 0 otherwise

Objectif Function

NPV =) r'Uziy =Y r'Cjhjy (3)
it jit

where r is the discount rate, U; is the benefit of the block i, C; is the
habilitation cost of the blocks group j.

Constraints

e Consistency

D zip < 1,Vi (4)
t

> hje <LV (5)
t
Remark 3.1 The blocks are exploited only once, the habilitation is
made only once

e Accesibility
zit < Z hjiy,e, Vi, VE (6)

s<t
Remark 3.2 The habilitation is before exploitation

e Subsidence
zit + zis < 1,Vi,Vt,Vi' € 1(i),Vs >t (7)

Remark 3.3 The exploitation of block i produces an inhabilitation
of the blocks belongs to its upper cone

e Capacity
E Zi,t S C, Vt (8)
t



The most important assumption of this model is that when we decide to exploit
the block ¢, we must extract all of its cells, and the capacity is given by block and
not by cell. We can distinguish two types of problems: The first one is known
as a Macro problem, that is the blocks planning extractions. The second one
is a Micro sequence problem, where we suppose a block composed by cells and
the best extraction policy could be to extract only some cells of the block and
not to extract the whole block. In this paper, we concentrate our attention on
the Micro planning problem. CPLEX was not able to solve the complete model
that includes all of these considerations. This is our motivation to introduce
an algorithm that is able to manage all the constraints involved. In the next
section, we present our approach begining by the definition of the representation
and its evaluation function.

4 Algorithm

4.1 Evaluation Function

In our approach the representation gives the planning extractions by block. The
evaluation function includes the hardest physical constraints. Because of when a
block is exploited other blocks became inhabilitated for ever, we have included
an opportunity cost related to the impossibility of obtain the benefit of the
inhabilitated blocks.

Thus, the algorithm searchs not only the block with the higgest profit, else the
block with its gain justifies to inhabilitate the other ones. This is shown in
figure 1. Considering the black ones as the richest ones. If we decide to extract
the black block in the bottom of the mine, its extraction will inhabilitate the
other ones, between the blocks inhabilitated there are some with a good profit
value.
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Figure 1: Mine with different kinds of blocks



4.2 Algorithm Structure

We introduces an Ants colonies based algorithm which generates moves to ob-
tain pre-solutions that satisfy all the constraints. Thus, the move is defined
such as the algorithm obtains only feasible solutions. The most important con-
straints are the subsidency constraints. At the beginning, the algorithm selects
randomly one cell of one block. This cell will be extracted. Thus, as a conse-
quence of its extraction the algorithm inhabilitates the other blocks which are
in the upper cone of this block.

The blocks inhabilitated will be added in a Tabu List for ever. The next blocks
feasible to be extracted will be the blocks that are not in the Tabu List, that
means the blocks that satisfy the subsidency constraints. Each block belonging
to the Allowed-List is evaluated taking into account its gain, the habilitation
cost, the extraction cost and the opportunity cost. The opportunity cost is cal-
culated using the gain of the blocks that will not be able to be exploited in the
following extractions. Figure 2 shows the algorithm.

Begin /* Heuristic ACS for Mine Extraction*/
i=1
For each cycle t
Select randomly a position block for each ant k
While i<max-blocks do
if U(0,1) < po
Extract cell with the biggest probability value Pi’;.
else Choose randomly the cell to be extracted
Modify the Tabu List
Modify the extraction sequence
Modify pheromone
it++
endfor
end

Figure 2: ACS heuristic for Micro Mine Planning Problem

The transition rule, i.e. the probability Pl-’j. that the ant k extracts the cell
Jj right after cell 7 is:

735 () [n:;1° id k
sij € J;
PL(t) = Lonesrw in(Olmnl? ’ 9)
0 €.0.C.

Where [ is a parameter to control the pheromone intensity with the ant
visibility. 7;;(¢) is the pheromone intensity, 7;;(t) is the ant visibility and J¥



the cells allowed to be extracted from the cell i, which are not in the Tabu List.
The pheromone level is locally modified using;:

7ij(t) = (1 = p)73;(t = 1) + p7o (10)
and globally by:
(1) = (1= p)riglt = 1) + pos (1)

where p is the evaporation coefficient, LT is the gain of the best found
current extraction sequence. The visibility in this model depends directly of the
evaluation function of the cell to be extracted.

5 Results

We have considered for our tests real world data. We have also generated
randomly some instances of a mine considering various configurations of blocks
gain. For that, we take into account the following:

e A hard configuration: When the mine has many blocks with the same gain
and not concentrated

e A normal configuration: When the mine has blocks that the algorithm
can identify as the better ones to be extracted

e An easy configuration: When a mine has blocks with very different gains
and the identification of the better ones is obvious.

5.1 Parameters

In order to test our algorithm we have used only normal and hard configurations.
We have generated randomly 10 different mine configurations aq, as, .., a19. We
use tunning to find the best parameters. The values used was:

b BE {1737577}

Q €€ {50,100, 150}

p€{05,08,0.9}

ro € {0.8,0.9,0.95}

re{1,1.5,2,25,3,3.5}



We have tested 648 runs of the algorithm for each problem using various
parameters. The number of ants is the number of blocks to be extracted, i.e.
80. The number of cycles equal to 200.

We have obtained the best results using (r, 8, Q, p,70) = (1.5,1.0,150,0.5,0.8),
that means that the pheromone visibility and the intensity have the same im-
portance value. The exploration has more importance than exploitation.

The figure 3 shows for the real problem the values obtained.

Problem | Real
r B Q p To Value

Best 1.5 1.0 | 150.0 | 0.5 | 0.95 | 31.42
200+ 1.5 3.0 150.0 | 0.5 | 0.8 | 17.4130
200— 2.5 1.0 | 50.0 | 0.8 | 0.8 | —7.1556

Figure 3: Benchmarks with different parameters for the real problem

We identify by 200+ the 200 better results, and with 200— the worse 200
results.

6 Discussion

We have obtained better results applying an Ants Colonies based technique
than the linear programming relaxed model. Nevertheless, in order of being
exact in the interpretation of the results, our algorithm uses a metaheuristic
technique, thus is not able to obtain the optimal value and its performance
depends strongly of the random number generator.

7 Conclusions

We have introduced an Ants Colonies algorithm for solving a micro-mine plan-
ning problem. We shown that this kind of technique could be a good alterna-
tive to solve real world problems for which traditional techniques are not able
to solve it. The biggest problem is that we are not sure that it is the opti-
mal value. On the other hand, the algorithm found a better optimal value for
our real world problem. We have also studied the behaviour of the algorithm
solving other kind of mine configurations, with more levels than the real one,
and with some instances hardest than the real one. The algorithm shows be
better using (r, 8, @, p,70) = (1.5,1.0,150,0.5,0.8) as parameters. Now, we are
going towards to solve the Microsequence mine planning problem using other
metaheuristics.
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