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Introduction

Many industries (e.g., cement, iron-steel or
coal fired power generation) that consume
mined products require homogenization of the
raw material prior to consumption so as to
reduce product variability. Stockpiling is the
most widely used method of homogenization.
A stacking machine usually constructs
stockpiles. Reclamation is achieved by slicing
across the pile orthogonal to the direction of
layering. The efficiency of a stockpile system
depends upon three factors: 

➤ Stockpiling method is defined by the
type of stacking used for stockpiling
such as chevron or windrow

➤ Stockpiling parameters are stockpile
length, width, the number of layers, the

size and shape of the slice and layer, the
equipment properties of the stacker and
the reclaimer, raw material character-
istics such as bulk density, particle size
and oxidation

➤ Variability of stockpile input is a
function of the stockpile efficiency.

The objective is to design a stockpile that
will minimize the grade variation of stockpile
output. One way to measure for the stockpiling
efficiency is VRR:

[1]

where σin
2 and σout

2 are the variances of the
grades of stockpile input and output, respec-
tively. 

Bed blending design has been a well-
known problem in mineral industries and
many researches were devoted to designing
optimal stockpile. The theory of bed blending
was developed by Gy’s pioneering work1. The
mathematical modelling based on geostatistical
approach or time series analysis was used to
predict the output characteristics of a particular
stockpile2-9. Geostatistical modelling was
based on the quantification of variability
through the semi-variogram and this quantifi-
cation was used for the prediction of output
variability.

This research can be categorized into three
stages:

➤ The best way to understand a stockpile
is to imagine it as a set of discrete blocks
created by the intersection of slices and
layers. Note that the term ‘block’ used
throughout the paper refers to weight. It
may alternatively be related to volume or
time. Geostatistical simulation is used to
generate block realizations of variables
on any specified scale. A stockpile
simulator has been, on the basis of the
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simulated block grades, developed to calculate input
and output variances for various stockpiling geometries
and types.

➤ Multiple regression analysis has been used to model
each variable with respect to VRRs obtained by the
stockpile simulator. The number of blocks in each layer
and slices, stacker speed and stacking type are the
independent variables (x). The VRR is dependent
variable (y). The modelling has been performed for
iron, silica, alumina and lime.

➤ This problem has a multi-objective nature. Four
individual models have been transformed into single
objective using a weighting scheme.  The GA has been
used to find optimal stockpile geometry for alternative
stacking types.

Development of the stockpile simulator

Geostatistical simulation can be used to assess uncertainty in
the stockpiling design. It is impossible to completely know
the contents of input blocks because of sparse samples.
Geostatistical simulation does not create data; it simply
provides one possibility (among an infinite number) of what
may actually be present at non-sampled locations. The ore
stream is simulated by weight increments by using the
sequential Gaussian simulation method10,11. 

The stockpile capacity is an important parameter and is
constrained by mining and processing capacity. In stockpiling
operation the VRR should usually be minimized for multiple
variables, and hence the number of variables is also a
significant parameter. 

The stockpile simulation can be implemented for chevron
or windrow methods. In the chevron method, the raw
material is stacked by coming and going. This is the most
common method in which stacking is done in both directions.
Chevron stockpiling tends to particle segregation. Coarser
particles gravitate towards the base of the pile in chevron.
The windrow method stacks the ore in triangular rows, using
multiple peaks. It entails more intricate stacking since the
stockpile is formed in several small parallel rows. The method
involves the traversing of the stacker much more frequently,
and fluctuations in size distribution are most effectively
minimized.

In both methods, the stockpile length, the number of
layers and stacker speed are given in terms of the number of
blocks. The number of blocks at each stacking layer (x1), the
number of layers (x2) and the number of blocks formed by
the layer pattern of a reclaiming slice (x3) are initiated as
decision variables. The stockpile capacity is given as:

[2]

Input and output variances used to calculate the VRR
should refer to identical supports i.e. identical weight or
volume of material, otherwise the ratio is meaningless. Since
the output variance is calculated on the basis of the
dispersion variance of reclaimed slices, the input variance
must be calculated on the basis the dispersion variance of the
averages of the grades of input blocks equal to the number of
blocks formed a reclaiming slice. The ratio of these two
variances yields VRR or the homogenization effect.

A new scenario of decision variables (x1, x2 and x3) is
generated for each corresponding stockpiling type. A new

VRR is yielded. The procedure is repeated for each variable
(iron, silica, alumina or lime). Chevron and windrow
methods are illustrated in Figure 1. After generating a
sufficient number of scenarios and obtaining a sufficient
number of VRRs, these scenarios and ratios are used to
model the stockpiling operation by multiple regression
analysis. 

Modelling with multiple regression analysis

Given a stockpile geometry and stacker speed, VRRs can be
predicted by multiple regression modelling that is a statistical
methodology that is used to relate variables. A variable called
dependent or response variable is related to one or more so-
called predictor or independent variable(s). The objective is to
construct a regression model relating dependant variable, y,
to independent variable(s), x1, x2,…, xp.

The multiple regression model relating y to x1, x2,…, xp is

[3]

where:
µi is the mean value of the dependent variable

when the values of the independent variable
when x1, x2,…, xp are xi1, xi2,…, xip.

β0,β1,...,βp are unknown parameters relating µi to
xi1,xi2,...,xip

εi is an error term that determines the effect on
yi of all factors other than the values xi1,
xi2,…, xip of the independent variables x1,
x2,…, xp .

The point prediction of [3] is

[4]

Next, the residuals is defined for i =1,2,…,n:

[5]

and the sum of squared residuals to be

[6]

Intuitively, if any values of b0, b1,….bp are good point
estimates, the predicted value ŷ i will be close to the observed
value yi and thus will make SSE fairly small. We define the
least squares estimates to be values of b0, b1,….bp that
minimize SSE. The least squares estimates b0, b1,….bp are
calculated by the formula:

[7]

where:

[8]
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Optimization procudure

The question arising in this point is to determine optimal
stockpile parameters by minimizing the model obtained by
the multiple regression analysis so as to ensure minimum
VRR. The problem is solved by the GA, which is a stochastic
search algorithm that mimics the process of natural selection
and genetics12–16. The GA has exhibited considerable
achievement in yielding good solution to many complex
optimization problems. When the objective functions are
multi-model or the search space is irregular, highly robust
algorithms are required so as to avoid trapping at local
optima. The GA can reach the global optimum fairly.
Furthermore, the GA does not require the specific
mathematical analysis of the optimization problem. The GA
is an iterative algorithm that yields a pool of solutions at

each iteration. Firstly, the pool of initial solutions is
generated at random. A new pool of solutions is created by
the genetic operators at each new iteration. Each solution is
evaluated with an objective function. This process is repeated
until the convergence is reached.

A solution is called a chromosome or string. The GA with
an initial set of randomly generated chromosomes is called a
population. The number of individuals in the population is
called the population size. The objective function is known as
the evaluation or fitness function. A new population is
created by the selection process using some sampling
mechanism. An iteration of the GA is called a generation. All
chromosomes are updated by the reproduction, crossover and
mutation operators in each new generation. The revised
chromosomes are also called the offspring.

Bed blending design incorporating multiple regression modelling and genetic algorithms
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Figure 1—Illustrations of chevron (a) and windrow (b) methods



The simple algorithm of the GA consists of the following
steps:

1. Generate an initial population of strings
2. Evaluate the string according to the fitness function
3. Apply a set of genetic operators to generate a new

population of strings
4. Go to Step 2 until a solution converges.

Problem description in GA
A binary or floating vector can be used as the representation
structure in the GA. In this research a floating vector
represents a real value of a decision variable as a
chromosome because binary coding has received substantial
criticism17. When the values of the decision variables are
continuous, it is necessary to represent them by a floating
vector. Furthermore, real-valued GA can ensure the values of
decision variables to the full machine precision. The real
valued GA also has the advantage of requiring less storage
than the binary valued GA. As the number of bits in binary
coding representation increases, the storage becomes
important. The representation of the fitness function in real
valued GA is also more accurate as a result.

The length of the vector of the floating number is the
same as  that of the solution vector. The chromosome V=(x1,
x2,…,xn) represents a solution x = (x1, x2, …, xn) of the
problem where n is the dimension. In order to solve the
problem by the GA, each solution is coded by a chromosome
V(x1, x2,…,xn). A predefined integer population-size, which
is the number of chromosomes, is initiated at random: 

do i=1, population-size
chromosomei = xj = (rij * (xuppj - xlowj)) + xlowj
(j = 1, jvar)
enddo

where:
r is a random number between [0, 1]
x decision variables
xlowj and xuppj are lower and upper limits in variable j
jvar is the number of decision variables

attributed to stockpile design
Until the predetermined population size is reached, the

feasible solutions are accepted as chromosomes in the
population. Then the fitness value of each chromosome is
calculated. The chromosomes are rearranged in ascending
order on the basis of the fitness values.

Now the parameter, a, is initiated in the genetic system.
The rank-based evaluation function is defined as follows:

[9]

When i = 1 represents the best individual, i = population-
size is the worst individual. The reproduction operator used
herein is a biased roulette wheel, which is spun population-
size times. A single chromosome is selected in each spinning
for a new population. The roulette wheel is a fitness-propor-
tional selection. The selection process is as follows:

1. The cumulative probability qi is calculated for each
chromosome:

2. A random number r is drawn in (0, qpopulation-size)
3. The chromosome Vi is selected such that qi-1< r ≤qi
4. The second and third steps are repeated population-

size times. 
This population is updated by the crossover and mutation

operators. First of all, the crossover probability, Pc, is
defined. Pc * population-size gives the expected value of the
number of chromosomes undergoing the crossover process.
In order to carry out this process, random numbers, ri, are
generated from the interval [0, 1] in i = 1, population-size. If
ri is smaller than Pc, Vi is selected as a parent. The selected
chromosomes are randomly grouped as pairs. If the number
of selected chromosomes is odd, one of them is removed from
the system. The crossover procedure is performed on each
pair. Let the pair (V1, V2) be subjected to the crossover
operation. Firstly, a random number, r, is generated from the
interval (0, 1). Then the crossover operator will yield two
children X and Y as follows:

[10]

The feasibility of each child is checked. If feasible, the
child is accepted. 

The mutation operator is implemented on new version of
population. Similar to the crossover operation, a mutation
probability, Pm, is defined. Pm * population-size gives the
expected value of number of chromosomes undergoing the
mutation operation. In this procedure a random number, ri, is
generated i=1 to population-size from the interval [0, 1]. If ri
is smaller than Pm, Vi is selected as a parent for the mutation.
A random direction, d, is generated in ℜ3. The selected
parent will be mutated by V + M*d in this direction. A proper
large number, M, is also initiated in this section. 

The feasibility of each new chromosome is ensured as
follows:

generate a random number, ra
sum=1.
do j=1, jvar-1
xj = (ra*(xuppj – xlowj))+xlowj
sum=sum*xj
enddo
sp=(cap / sum)**(1.0 / (nvari-1))
do m=1,jvar-1
xm=xm*sp
if (xm>xlowmr.and.xm<xuppm) feasible
otherwise unfeasible and go to generate a new random
number, ra
enddo
continue until population-size is reached

where:
xlow and xupp are lower and upper search limits in x

and y coordinates
cap is the stockpile capacity 
If V + M*d is not feasible to the constraints, M is set as a

random number from interval [0, M] until it is feasible. If
this procedure does not manage to find a feasible solution in
a predetermined number of iterations, M is set to zero. 

Thus one generation is completed. The whole procedure
is implemented up to the predetermined number of iterations.
After running the program, the best solution is reported as
the results yielding the minimum VRR. 
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Case study

The stockpile input was simulated at 30 000 locations, each
of which was one ton, by sequential Gaussian simulation
that was implemented for iron, silica, alumina and lime
variables. In order to show the effect of dependency on VRR,
auto-correlations values for various lags were calculated and
are given in Table I. As seen from Table I, lime and silica
show stronger correlation than iron and alumina. Therefore,
it is expected that the stockpiling procedure has more
influence on lime and silica. This expectation was supported
by the results (Table IV). As the weights of lime and silica
increase, VRRs are minimized. For each variable, 15 stockpile
scenarios were generated in both chevron and windrow
methods and VRRs were calculated (Table II). Each variable
was modelled by multiple regression analysis. The model
summaries were as depicted in Table III for iron, silica,
alumina and lime, respectively. For each variable, the best
model was found to be: 

[11]

[12]

[13]

[14]

The objective is to minimize these functions. Four
objectives were incorporated into the objective function as: 

[15]

where λi is the weight of variable i. The problem was now a
multiple-objective decision-making problem. The problem
could be transformed into a single objective problem using
the weighting method18. Weights express the decision-
maker’ preferences. In this section the objective function was
derived for setting 0.25 to each objective as weight and the
objective function was transformed when the Equations
[11–14] were substituted in Equation [16]. The objective
function is expressed as:
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Table I

Auto-correlations of simulated values

Lag Iron Silica Alumina Lime

1 0.38 0.67 0.24 0.85
2 0.30 0.57 0.17 0.79
4 0.19 0.43 0.09 0.71
8 0.09 0.26 -0.01 0.54
16 0.00 0.11 -0.05 0.32
32 -0.10 -0.01 -0.12 0.08

Table II

(a) VRRiron, (b) VRRsilica, (c) VRRalumina and (d) VRRlime values for various scenarios

(a) (b)
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[16]

Subject to

[17]

[18]

[19]

[20]

[21]

In order to solve the problem with the GA, a computer
program was written. The input parameter file of the program
is given in Figure 2. There is no clear rule for the selection of
control parameters (the population size, the crossover and
mutation probability). Therefore, the parameters were
determined by the experimentation. The fitness values versus
the values of parameters (crossover, mutation and population
size) are given in Figure 3. It was observed that small
population size led the GA to quickly converge at a local

optimum. On the other hand, large population size is prohibi-
tively time-consuming. High crossover and mutation
probability converted the GA into a random search. Low
crossover and mutation probability caused trapping at local
optima. Figure 4 shows how the fitness value changes with
the number of iterations. The procedure was repeated 1750
times in approximately five minutes. The best solutions are
given in Table IV for various weighting sets. 

Conclusions
The approach incorporating multiple regression modelling
and the GA can be used to design mineral stockpiles. This
approach yields optimum stockpile parameters and provides a
means to compare chevron and windrow layering types. The
level of auto-correlation of input variable also has an
influence on the VRR. As weights of lime and silica
exhibiting strong auto-correlation increase, VRR yields better
results. As observed from Table III, beta values indicated that
stacker speed was relatively more significant than other
parameters. The level of auto-correlation of the input variable
also has an influence on the VRR. It is observed that as the
degree of auto-correlation increases, the VRR will be
minimized. One can clearly observe that the windrow method
is more efficient than the chevron method. However, bear in
mind that the windrow is more expensive than the chevron
method. Note that geostatistical simulation provides a
response distribution by generating multiple images, i.e. a
series of optimal stockpile designs based on possible
realizations of the input grades. Geostatistical simulation
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Table II

(a)VRRiron, (b) VRRsilica, (c) VRRalumina and (d) VRRlime values for various scenarios (continued)

(c)
(d)
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Table III

Multiple regression results (a) for iron, (b) for silica, (c) for alumina and
(d) for lime

(d)

(c)

(b)

(a)

Figure 2—Input parameter file
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does not create data; it builds alternative and equally
probable realizations of variables at respective locations.
Many alternate models can be generated and processed to
construct a distribution of possible VRR for specified
attributes. This distribution is used to assess the risk
associated with the uncertainty at unsampled locations. In
future research, cross-variograms can be used to provide
spatial correlations of multiple variables. The stockpiling
operation can reduce only variation among reclamation
slices. It has no effect on variation among stockpiles.
Therefore, the effect of extraction on homogeneity of the
mineral characteristics should also be determined. This can
be achieved by simulation of the mining (extraction) process. 
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Figure 3—Determination of optimal GA parameters Figure 4—Variance reduction versus the number of iterations in chevron
and windrow stockpiling methods

Table IV

Optimal results for various weighting sets in both chevron 
(a) and windrow (b)
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The conclusion from this paper which I consider to be of

greatest practical importance is that windrow stacking leads

to a much greater variance reduction than chevron stacking.

For instance, in his conclusion, Kumral writes: ‘One can

clearly observe that the windrow method is more efficient

than the chevron method.’ 

I do not believe that this conclusion is correct. I believe

that windrow stacking has an advantage over chevron

stacking only when segregation is a problem. The conclusion

is not consistent with the modelling reported in Robinson

(2004), but a comparison between the modelling method-

ologies is not straightforward because that paper emphasized

the end effects, which cause grade variation as the ends of

stockpiles are reclaimed. (It should also be noted that all the

modelling discussed in both papers ignores segregation.)

The point that I wish to make here is that Kumral’s

conclusion is not consistent with his own model.

Consider the building of a 36 kiloton stockpile in 9

stacker passes using Kumral’s model, with the pile to be

reclaimed in four reclaim slices. For chevron stacking, this is

modelled as 36 blocks of ore, as in Figure 1, which is based

on Kumral’s illustration of chevron stacking in his 

Figure 1(a) but with 9 stacker passes rather than 4.  

Each block is 1000 tons and is stacked over a quarter of

the length of the stockpile. Its distribution over the width of

the stockpile is not considered in the model.

The reclaim slices each consist of 9 blocks. They

correspond to the columns in Figure 1.

Kumral’s Figure 1(b) illustrates windrow stacking of the

same 36 kilotons of material using a windrow stacker in 9

stacker passes, with the intention that the pile will be

reclaimed in four reclaim slices.

These two models, one for chevron stacking and one for

windrow stacking, have the same block sizes and the same

sizes for reclaim slices. The sets of blocks, which get

combined to form the four reclaim slices, are precisely the

same for the two models.  The first reclaim slice consists of

the blocks 1, 8, 9, 16, 17, 24, 25, 32 and 33.  The second

reclaim slice consists of the blocks 2, 7, 10, 15, 18, 23, 26,

31 and 34.  The third reclaim slice consists of the blocks 3, 6,

11, 14, 19, 22, 27, 30 and 35.  The fourth reclaim slice

consists of the blocks 4, 5, 12, 13, 20, 21, 28, 29 and 36.

Hence the models give precisely the same predictions for

blending performance.

This equivalence holds whenever the number of stacker

passes is the same for the chevron and windrow models.  It is

not consistent with Kumral’s conclusion that windrow

stacking leads to a much greater variance reduction than

chevron stacking.
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Figure 1—Diagram of chevron stacking of 36 blocks of ore to be
reclaimed in four reclaim slices.  Blocks are numbered in the order in
which they are stacked


