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ABSTRACT

In many production systems, there is advantage in replacing batch production by a continuous flow. The sequence of philosophies is well illustrated in mining: concentrating on producing stockpiles on grade leads to cyclic behaviour, hunting and over-tight operational coupling between subsystems. Maintaining a moving average target is some improvement, but it is shown that using the exponentially smoothed average as a target has further advantages.

Exponential smoothing has been thoroughly treated in the literature as a technique for forecasting, but its use in operational control and monitoring has been neglected. As a result, standard treatments of exponential smoothing assume equal time or quantity increments. For production control, it is commonly necessary to consider increments of varying sizes. The appropriate modifications for exponential smoothing under these circumstances are developed in this paper.

Decisions commonly have to be made using inaccurate data, which are subsequently corrected after the decisions have been made. A second use for exponential smoothing is to provide continually revised adjustment for such data. Examples will be discussed where both applications of exponential smoothing are applied.

INTRODUCTION

Batch or Flow?

Many operations can be conceived and planned as either “batch” or “flow” processes. In a batch process, a quantity of product is prepared to completion, before starting on the next batch. A flow process proceeds continuously, with product at all stages from start to completion.

A batch process might appear preferable for quality control since each batch can be reviewed and assessed individually. However, a batch process is essentially discontinuous, and the starting and stopping required can cause inefficiencies. These issues will be discussed more fully below when we come to examine a mining operation that has been converted from batch to flow.

Baudin (2002, p119) discusses the benefits of flow versus batch operations more generally.

Exponential Smoothing

Exponential smoothing has long been used for forecasting operations, and features in many textbooks, such as Hanke & Reitsch (1998). Billah et al (2006) provide a more recent overview of exponential smoothing models for forecasting. In these applications, exponential smoothing is generally being applied to equal spaced time intervals, and specifically for forecasting. Spliid (2007) provides a rare example of exponential smoothing being used for process monitoring and control, but the data being considered are still equal spaced time series.

MINING APPLICATIONS

The methods to be described here have been applied to a variety of iron ore and of bauxite mining operations in Western Australia, as described by Everett (2007). Both iron ore and bauxite are mineral products that must be delivered to the customer for processing in a blast furnace or refinery. Consequently, the product must maintain a very consistent grade, not only in the main mineral, but also in the contaminants. For example, with iron ore we need to maintain a very consistent (small) percentage of the contaminants phosphorus, alumina and silica, as well as of the major component, iron. With bauxite, not only the alumina content must be consistent, but also the percentages of the major contaminants, silica, carbon, sodium sulphate and sodium carbonate.

To achieve the required grade vector, ore is mined in parallel from a number of available blast blocks at multiple levels in several pits, and blended to stockpiles of sufficient tonnage (perhaps 200 kiltonnes) to give the required uniformity of grade. Blending is enhanced by building the stockpiles to completion, back and forth along the length, and then reclaiming from one end, simultaneously reclaiming from three levels (or “pilgrim steps”) in the stockpile.

Building stockpiles to the desired grade is made more difficult because, before mining, the ore grade is known only approximately, from widely spaced samples taken during the exploration or blast hole drilling. Accurate assays cannot be done until the ore has been mined and crushed, ready for putting on the stockpile. Crushing is done when the ore has been transported to the port (in the case of iron ore) or the refinery (for bauxite). The delay between mining and knowing the ore’s composition is further extended by the laboratory time for processing and assaying the samples. There are developments to assay the ore directly on the conveyor belt, by radiometric techniques. When these techniques become sufficiently reliable they will reduce the delay between mining and knowing what has been mined, but the decision as to what should be mined will still have to be made before its composition can be accurately known.

Traditionally, the mining had been seen as essentially a batch operation, with each completed stockpile being a batch. As assays became available for a stockpile being built, suitable ore would be sought from the mine to complete the stockpile close to target grade. This led to a cyclic attention span. At the beginning of a stockpile, not much care was taken, but as the stockpile neared completion close liaison between port and mine was required to find ore to bring the pile back to target. Often, unplanned delays would cause the solution to yesterday’s problem to become the beginning of tomorrow’s problem. “Hunting” would occur, with oscillations caused by overcompensation. Multiple temporary intermediate stockpiles were built up from ore of various anomalous grades, but the consequent rehandling of ore eats into the profitability of a mining operation.

It was recognised that the mining operation needed to be decoupled from building stockpiles and delivering product to ship or refinery. The batch process of building stockpiles caused discontinuities and interruptions to the mining operations, which would run more smoothly if they could be converted to a flow process. The solution sought was to develop a continuous stockpile management system.

From Discrete Stockpiles to Moving Average to Exponential Smoothing

It was realised that the mining operation could be decoupled from the later ore handling if the mine concentrated upon maintaining an average target grade vector, instead of worrying about the building of individual stockpiles, which did not necessarily begin and end as planned. The objective now was for the mine to produce a continuous “sausage” of product. This “sausage” should be able to be cut anywhere at stockpile intervals, to yield stockpiles of required grade.

In each short-term planning period (usually once per day) the mine schedulers need to select ore to mine during the period, taking into account the expected grade of the available sources, and what has already been mined or already committed for mining.

The first approach was to replace building each discrete stockpile to target, and instead to maintain the moving average, across the stockpile tonnage, close to target.

Define Xn as the grade vector at period n, and its moving average over M periods as X´´n:


X´´n = ∑m=0..nbmXn-m
(1)


bm = 1/Μ, for m = 0 to Μ−1,  bm = 0 otherwise
(2)

However, a moving average has the disadvantage that information is treated as being of constant importance until it suddenly reaches the end of the moving average and is then given no importance. As a result, any sudden disturbance has an immediate effect on the moving average (as it should) but then has a later equal and opposite effect when it falls off the end.

It is better to use an exponentially smoothed average, where information is given importance that declines exponentially. After 200 kt the importance has declined to 1/e (approximately 1/2.72 = 37%) of its initial value, and continues to decline at the same rate to negligible importance.

If Xn is the grade vector at period n, then its exponentially smoothed average is X´n, where:


X´n = αXn + (1-α)X´n-1 = α∑m=0..n(1-α)mXn-m = ∑m=0..ncmXn-m
(3)


cm = α(1-α)m ≈ αe-αm
(4)

Equations (3) and (4) assume that the tonnage W kt at each time interval n is constant. The modification required for varying tonnage will be discussed later.

Exponential smoothing is computationally more efficient because it uses only the last smoothed value, whereas a moving average requires all past values across the moving average span. But more importantly, old data slowly dies in importance rather than suddenly falling off the cliff. Systems without discontinuities behave more smoothly.

A convenient way to compare the moving average with exponential smoothing is to view them as filters.

Moving Average and Exponential Smoothing as Filters

For a moving average over M periods, the average age of information is M/2 periods. For an exponentially smoothed average, using an exponential smoothing constant of α, the average age of information is 1/α. So, to compare exponential smoothing with a moving average, we should set: 


α = 2/M
(5)

As discussed below, if the tonnage per period is W, then the smoothing factor to apply each period is αW = 1 - (1-α1)W, where α1 is the smoothing factor per kilotonne.

Figure 1 shows graphs of moving average and exponential smoothing coefficients as functions of elapsed tonnage. The moving average has a period of 200 kt. The exponential smoothing has an α1 value of 0.01/kt = 2/200kt. Both forms of averaging are effectively low-pass filters. They remove high frequency (or short period) variations, and pass low frequency (or long period) variations. 

Insert Figure 1

Figure 2 plots the filter amplitudes as a function of frequency. The horizontal axis in Figure 2 plots increasing frequency, but for convenience is labelled as decreasing period. It should be pointed out that period = 1/frequency. It is clear that the exponential smoothing behaves more consistently than the moving average. With the exponential smoothing, the filtering out increases monotonically with increasing frequency (decreasing period), while the moving average filter has a series of side lobes, so the filter effect alternately increases and decreases.

Insert Figure 2

Published treatments of exponential smoothing assume the data are equally spaced, with equal weight. The analysis so far has made the same assumption. Now consider the fact that the tonnages in each planning period differ.

Allowing for Varying Tonnage per Planning Period

So far, we have ignored the fact that the tonnage in each shift varies.

Shift with a larger tonnage should have a larger contribution, and therefore a larger alpha factor. If two shifts have the same grade, the resulting exponentially smoothed grade must be the same whether the two shifts have been included one after the other, or simultaneously.

From these consistency criteria, it can be shown that, for a shift producing W kt, the appropriate alpha factor is:


αW = 1 - (1-α1)W
(6)

Proof by induction

To prove the consistency of equation (6), consider two successive additions of W1 kt and W2 kt, (totalling WT=W1+W2), each having the same grade X, added to an exponentially smoothed average X´0:


X´1 = αW1X + (1-α W1)X´0
(7)


X´2 = αW2X + (1-α W2) X´1 = αW2X + (1-α W2)(αW1X + (1-α W1) X´0)




= (αW1 + αW2 - α W1αW2)X + (1-αW1)(1-αW2)X´0
(8)

If 
αW1 = 1 - (1-α1)W1 , αW2 = 1 - (1-α1)W2, then:


X´2 = ((1-α1)W1 + (1-α2)W2 - (1-(1-α1)W1)(1-(1-α1)W2)X + (1-α1)W1(1-α1)W2X´0




 = (1-(1-α1)W1(1-α1)W2)X + (1-α1)W1(1-α1)W2X´0




= (1-(1-α1)W1+W2)X + (1-α1)W1+W2X´0 = (1-(1-α1)WT)X + (1-α1)WTX´0
(9)

The parameter α1 is the smoothing factor that would be applied to one kt. If W varies from shift to shift, then αW must be adjusted accordingly.

For emulating the building of stockpiles of 200kt each, α1 should be 2/200kt = 0.01/kt. Figure 11 shows how αW increases with W, for an α1 of 0.01/kt. It should be noted that αW monotonically approaches 1.0 for very large W.

Insert Figure 3

The Continuous Stockpile Management System (CSMS)

The exponential smoothing model was adopted to develop a Continuous Stockpile Management System (CSMS). Each day, ore is selected from the available sources so as to bring the exponentially smoothed composition back as close as possible to the target vector.

For each mineral (that is, the element being mined and each of the contaminants) there exists a target grade and a tolerance range. This tolerance range should be symmetric: although the customer may be happy to receive ore of too high a grade, there is an opportunity cost because the rich ore could have been combined with ore which otherwise must be discarded as waste.

In previous practice, each tolerance had been treated as a constraint, so a result just inside tolerance was as acceptable as being spot on target. This criterion is clearly inadequate, especially when the existence of data error means an assay apparently just inside tolerance may really be just outside tolerance, and vice versa. Treating the tolerances as constraints, the minerals were given a priority order. If the constraint were satisfied for one mineral, attention was then given to satisfying the constraint for the next mineral, without going outside tolerance for any of the higher priority minerals.

The previous hierarchy of prioritised tolerance constraints was replaced by a single function, the “Total Stress”. For each mineral k, the dimensionless stress component Sk was defined as:


Sk = (Grade-Target)/Tolerance
(10)


Total Stress = √∑kSk2
(11)

The Total Stress is thus the square root of the sum of the squares of the component stresses. The criterion has the useful properties that each component stress, whether positive or negative, contributes equally to the total stress. The tolerances, instead of being vertical wall constraints, now provide a U-shaped quadratic contribution to the Total Stress: a single component stress of 1.0 is equivalent to four component stresses, each of +/-0.5. 

The CSMS was then operated so that each day’s ore was selected so as to minimise the expected Total Stress of the exponentially smoothed past and planned production.

Estimating the Grade of Ore Still in the Ground

A problem remains that the grade of ore not yet mined has to be estimated from inaccurate sampling of widely spaced drill hole material. Comparison of the drill hole estimates with subsequent assays show that the estimates have slowly changing systematic biases, as well as suffering from random error. 

The estimates need to be revised by some estimate of the error, and exponential smoothing is again used for this purpose. Because exponential smoothing is a linear operation, the exponentially smoothed bias is the difference between the exponentially smoothed assays and the exponentially smoothed drill hole estimates. This bias is updated by each day’s experience, and used to revise the drill hole estimates, when choosing the ore to restore the exponentially smoothed stockpile to target grade.

The simplest model is:


Adjusted Grade = Estimate + Smoothed Past Assays - Smoothed Past Estimates
(12)

A more sophisticated adjustment, to minimise the effects of random error is:


Adjusted Grade = Smoothed Past Assays + r(Estimate - Smoothed Past Estimates)
(13)

The model of equation (13) has two parameters, the regression coefficient “r” and the smoothing constant (call it “”) used for smoothing the past estimates and assays. The two parameters are chosen by analysing past data.

There is no reason for the error smoothing constant  to be the same as the stockpile smoothing constant α1. The appropriate value for  depends upon the nature of the data errors. Choosing too large a value for  will place too much emphasis on transient errors. If  is too small, the error estimation will respond too slowly to real changes in the bias. Similarly, the value of the regression coefficient r depends upon how random the errors are. If all the error in the drill hole estimates is due to a slowly changing bias, then the appropriate value for r will be close to 1.0. The more random error, the smaller r should be, because estimates exceptionally above or below the current mean, or smoothed value, should be regressed towards it. Figure 4 shows an example analysis of past data to establish appropriate values for  and for r. The analysis in this case has been carried out on the first two principal components, the linear composites best summarising the variance of the mineral grades.

Insert Figure 4

CONCLUSION

This paper has described how exponential smoothing methods have been used to change mining methods from batch to flow operations. Exponential smoothing was applied for quality control in two distinct ways.

The first application of exponential smoothing is to emulate building stockpiles of a given tonnage. A continuously revised average for a continuous stockpile decouples the mining operation from the actual stockpiles. An exponentially smoothed average avoids the discontinuities inherent in a moving average.

The second application is to use the exponentially smoothed error history to revise the grade estimates for ore that has not yet been mined. In this case, the rate of exponential smoothing depends upon the nature and continuity of the data errors, not upon the stockpile size.

The methods have been applied in several mining operation in Western Australia, with significant demonstrated improvement in performance.
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Figure 1: Moving Average and Exponential Smoothing against Elapsed Tonnage
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Figure 2: Moving Average and Exponential Smoothing as a Function of Frequency
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Figure 3: The Exponential Smoothing Factor αW as a Function of W
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Figure 4: Error Variance Reduction for Forecasting Principal Components
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