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Abstract

Traditional geostatistical methods have been used in ore reserve estim ation for 

decades. Research in the last two decades or so has added a number o f  other statistical 

methodologies for ore reserve estimation procedures. Recent advances in neural networks 

have provided a new approach to solve this problem. This thesis is focused on the Neural- 

network modeling for the estimation o f placer ore reserve.

Due to the spatial variability, multiple dimensional inputs and very noisy drill hole 

sample data from the selected region, it requires that the neural-network be organized in a 

multiple-layers to handle the non-linearity and hidden slabs for smoothing the predicted 

results. Various neural-network architectures are investigated and the Back-propagation 

is selected for modeling the ore reserve estimation problem.

Sensitivity analysis is performed for the following parameters: the type o f  neural- 

network architecture, num ber o f  hidden layers and hidden neurons, type o f  activation 

functions, learning rate and momentum factors, input pattern schedule, weight updated, 

and so on. The influences o f  these parameters on the predicted output are analyzed in 

details and the optimal parameters are determined.

To investigate the accuracy and promise o f  neural network modeling as a tool for 

ore reserve estimation, the ore grade and tonnage o f  Neural-network output is compared 

with those estimated by geostatistical methods under various cut-off grades. In addition, 

the overall performance is also validated by the analysis o f  R-squared (R2), Root-M ean- 

Squared (RMS), and the comparison between predicted values and 'actual' values.

As the final part o f this study, the optimized Neural Network was used to estimate 

the distribution o f  placer gold grade and volume o f  gold resource in offshore Nome. The 

predicted results for all the mining blocks in the lease area are validated by checking the 

values o f  RMS, R2, and Scatter plots. The estimated gold grades are also presented as 

contour maps for visualization.
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Chapter 1 Introduction

1.1 Ore Reserve Estimation

Ore reserve estimation is a statistical problem and in many respects is similar to 

other estimation problems. Classical statistics and geostatistics have been used in ore 

reserve estimation for years. Research in the last two decades or so has added a number 

o f  other statistical methodologies for estimation procedures. Some of these new 

methodologies can be applied to ore reserve estimation.

Ore reserve estimation usually starts during the exploration phase o f  a project, and in 

some cases continues throughout the life o f  the mine. A t the exploration stage, the data to 

estimate ore reserve is scant and sampling has only been done at wide drill hole intervals. 

Any estimate o f ore reserve, based on the limited data, is limited to global or geologic 

estimates and has a low level o f  confidence interval. In spite o f  low confidence that is 

attached to the estimated volume or grade, ore reserve is still estimated to answer several 

important questions: ( 1) what is the global estimate o f  ore grade and tonnage o f  ore. (2) 

what is its reliability, and (3) if  further drilling is justified, what spacing o f holes should 

be drilled to improve the reliability?

Important physical characteristics o f the orebody that must be predicted include ( 1) 

the size, slope and continuity o f  ore zone, (2) the frequency distribution o f mineral grade, 

and (3) spatial variability o f  mineral grade. These physical characteristics o f the mineral 

deposit are never completely known, it is usually inferred from sample data.

At the mine planning stage, all estimates must be carefully made to answer 

important questions such as how much, what grade and where the ore is located. All mine 

planning is based on these estimates. It is important to use methods and techniques which 

will give smaller estimation error and would take into account the characteristics o f the 

ore mineralization to improve the estimates. The estimate made from drill holes will
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likely be different from what is actually mined. As more information becomes available 

the grade-tonnage curves o f the estimates will change accordingly.

In simple terms, the general ore reserve problem can be stated as: given some blocks 

o f  ground and a set o f drill hole samples, X |, X2. X3, .... X „. we wish to assign a  grade to 

that block o f  the ground. The solution involves two steps: ( I )  calculation o f  volume and

(2) assign a  grade to the volume. The drill hole samples taken to infer the unknown 

population are always assumed to be random and independent o f  each other. As the 

above conditions are rarely satisfied, estimation method such as geostatistics assumes that 

adjoining samples are correlated to each other spatially. It also assumed that the particular 

relationship expressing the extent o f  the above correlation can be analytically and 

statistically captured in a function known as "variogram function” . The variogram 

incorporates several geologic features in ore deposit evaluation, such as the continuity o f  

mineralization, zones o f  influence, and whether the zones o f  influence are different along 

different directions. The variogram numerically describes the continuity o f  

mineralization. A third item o f geologic interest that can be obtained from the variogram 

is whether there is anisotropy in the mineralization.

In the past, the underlying foundations for nearly all ore reserve estimations were 

empirical in nature, such as the triangular method, or the polygonal method o f assigning 

the drill hole assay grade to the area. Even more refined versions such as inverse- 

distance- squared (IDS) that were used when digital com puter became available were 

nothing but more sophisticated empirical approaches.

Empirical estimators such as IDS method are not based on statistical terms. Within 

the statistical estimators, some o f  the m ost commonly used estimators are the Least 

Squares Estimator and the Maximum Likelihood Estimator. Most statistical estimators 

are treated as random variables possessing a certain probability density function. Also, 

they are often used to estimate the shape o f  a distribution o f  a particular random variable 

o f  interest, by estimating the associated statistical parameters. Once the estimator is 

utilized to generate a particular value, it is no longer a random variable.
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If X|, Xi,  Xn are jointly  distributed random variables, such as the drill hole

samples in a deposit, and if  one wishes to estim ate the grade at a particular point in this 

deposit denoted by Xo, then the simplest form o f  an estimator is a linear combination o f 

the X,’s that are known. One can, however, form a nonlinear combination o f the X,’s to 

obtain a different estimator which is likely to be more difficult to manipulate as well as to 

understand its statistical properties. For the above reasons, linear estimators are nearly 

always used in practice. The coefficients in the linear combination can be determined in 

various ways depending on the known properties o f  the joint distribution and the 

sampling information available at that time. I f  repeated samples can be taken for each 

random variable, then the desired coefficients for the linear combination can be obtained 

by a least-squared fit to the sample data.

In ore reserve estimation, it is impossible to obtain repeated samples o f each random 

variables because each point grade as given by drill hole assay is a random variable itself. 

It is not physically possible to obtain repeated independent samples from the same 

deposit at the same location. It is, therefore, necessary to modify the technique o f  

obtaining the coefficients o f  the linear combination. The Inverse Distance Square 

technique sets the coefficients o f  the linear com bination equal to the inverse distance 

squared. A more preferred method that is also based on statistical theory is the Kriging 

estimator in which the coefficients are obtained as the Lagrange multipliers for a 

constrained optimization problem. The Least-squared, IDS, and Kriging are all linear 

estimators.

Among the ore reserve estimators, Kriging is considered as the best linear estimator 

for estimating the grade at a point, under the second order stationary assumption o f 

random process. Kriging gives not only the unbiased estimation but also the minimum 

variance. Under restrictive situation in which random process is assumed to meet strong 

stationary, another estimator called “Minimum Mean Square Error estimator,” also 

provides unbiased and minimum variance.
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Even the best linear estimator such as Kriging is not satisfactory for certain types o f 

ore reserve estimation problems. One such problem is to estimate the probability 

distribution o f  block grades as a function o f  different cut-off grades. I f  the estimation 

problem is restricted to estimating the grade at a point, most linear estimators are 

satisfactory. However, if  the estimation problem is to estimate a probability distribution, 

then the need for nonlinear estimator such the neural network arises.

Recent advances in Neural Networks, especially new insight into the learning 

algorithms, have facilitated the development o f  a different approach to the estimation o f 

ore reserves. The attractiveness o f  neural networks lies in the fact that they are not only 

trainable non-linear dynamic systems, but also adaptive to model free estimators for non

linear function estimations. With this approach, no assumptions need to be made about 

any factors or relationships concerning the spatial variations o f  ore grade in the vicinity 

o f boreholes. Given sufficient data and appropriate training, the network can be taught to 

recognize the relationship between the input (such as coordinates) and the patterns (such 

as ore grades) and then generalize and interpolate ore grades for areas between drill holes 

(Wu and Zhou, 1993).

1.2 Statement of the Ore Reserve Problems

All ore reserve estimation problems are concerned with estimating two inter-related 

items: (1) the grade and (2) the associated tonnage for that grade. This grade can be the 

economic cut-off grade or the average grade within a pre-specified volume.

Selection o f  an appropriate resource estimation method depends on the geometry o f 

the deposit, the variability o f the grade distribution, the characteristics o f  the ore 

boundaries, and the amount o f time and money available to make the estimation. The 

important mining factors considered in the evaluation are ( 1) the range o f  likely cut-off 

grade, (2) variations in the deposit that affect the ability to mine or process the ore. Large
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differences in deposit shape due to variation in cut-off grade and mining method may 

require different ore reserve estimation methods.

There are various types o f placer deposits including marine, beach, desert, stream, 

bench, underground, and even frozen placers. Each is unique and requires special 

consideration. Size distribution o f  alluvial placer ore varies from sand to large boulders. 

Also, less inform ative data are available for planning and analysis. The act o f excavation 

and treatment o f  the placer deposit may be easier or less com plicated, but the difficulty 

surrounding the sample and evaluation o f  the reserve are infinitely greater. The errors 

involved in estimating the grade and the depth o f  individual drill hole depend upon:

• the heterogeneity o f the ground;

• the drilling or sampling method;

• the means o f  determining the ore content o f the samples;

• the method used to estimate the grade from available data.

No placer ore (such as gold) deposit can withstand the prohibitive cost of 

routinely acquiring the size of individual samples which is easily shown by theoretical 

and practical studies needed. Equally unattainable is the drilling density necessitated by 

the invariably erratic distribution o f  the ore in plan as well as in vertical section. A 

particular drill density may be quite adequate for a global grade or yardage estimate but 

insufficient for small reserve areas.

A feature o f  most gold mineralization is that a single drill-hole does little more than 

indicate the presence or absence o f  the metal. Reliance may be placed on a single hole 

only when it is one o f  a group o f surrounding drill holes yielding comparable results.

The placer industry has had to cope with more than merely the deficiently small 

samples. To compound the problem, the forceful manner o f  their collection by a 

vertically inserted drill pipe, with or without casing, distorts the ground constituents. A
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deceptively biased sample may be collected. The degree o f  possible bias increases with 

the size and range o f  the size o f  the ground particle relative to the pipe diameter.

The gold frequently occurs in narrow, discontinuous concentrations. Small sample 

size and the coarseness o f  the gold may combine to indicate a very erratic gold grade 

from hole to hole, a variation w hich in reality does not exist. The result for glacial 

deposits is that individual drill holes may routinely be in error by a large percentage. 

This may be quite unrepresentative o f  the gold distribution.

Most published accounts o f  m arine placer evaluation techniques frequently give the 

impression that the ore reserve estim ation stage is fairly straightforward: if  certain 

procedures are strictly adhered to the results that should be substantiated during 

production. On the contrary, it is sometimes the most difficult part o f  the entire placer 

mining operation. Historically, the expected grade o f any dredged ground was usually 

accepted as being the arithmetic average, which is weighted by area, o f  the individual 

grades indicated by each o f  a series o f  drill holes. Industrial custom in the past has been 

to recognize the inexactitude o f the grade estimation without quantifying it.

Several techniques are available for making placer reserve estimates, including the 

Polygonal technique, the Inverse-Distance-Squared (ISD) method, and the Kriging 

techniques o f  geostatistics. In the Polygonal technique, each data value is extended to 

one-half the distance from its closest neighbor. This technique is by far the most 

commonly used method and is the basis for extrapolation from geologic cross-section. 

The Inverse-Distance-Squared w eighting technique, whereby estimated grade at any 

point is the weighted average o f  the nearby data values. Each weight is inversely 

proportional to the square o f  the distance separating the data value and the point being 

considered. The Kriging technique, which is similar to ISD, except for the fact that the 

weights are obtained by solving an optim al system o f equations and ensure the average 

squared error o f  estimates is minimum.

Reproduced with permission o f the copyright owner. Further reproduction prohibited w ithout permission.



In almost all ore reserve estimation methods, it is generally assumed that the ore 

grade is a function o f distance, usually this is the only factor considered. There are other 

factors including geological structure, deposition environment, type o f deposit, type o f  

ore and degree o f mineralization. Gold grade populations are typically log-normal, 

meaning that the gold values do not vary in a sim ple linear form between adjacent drill 

holes. However, most traditional methods o f reserve estimation assume such a linear 

variation. Individual drill holes are often weighted by their areas o f influence, w hich are 

derived by either triangular or polygonal techniques. The most dangerous procedure is to 

plan a placer mine to cover a few isolated or single high grade drill holes in a widespread 

zone o f much lower grade ones. The ensuing problems are magnified if it is assumed that 

high grade intersections have an area extent o f  influence equal to the holes’ 

corresponding polygons. Too frequently one finds the polygon method is wrongly used to 

delineate the extent o f supposedly payable ground, by the adoption o f the appropriate 

boundaries o f  adjoining areas o f  influence o f  a few drill holes.

Sparsely-sampled areas, as in the case o f placer reserve estimation, produce large 

polygons, so these samples have large areas o f influence. A single sample will be a poor 

estimator o f  a  large polygon. The inverse-distance-squared method yields inaccurate 

estimates o f  reserves for non-uniform patterns o f  drilling. Kriging yields consistently 

better estimates than the other techniques. The inability o f  Kriging to estimate values in 

small blocks was demonstrated by Ravenscrot and Armstrong (1990), confirming that the 

over-smoothing result produces consistent bias in grade/tonnage relationship.

Attempts to overcome these inadequacies have been made since the advent o f  neural 

computing with their ability to cope well with incomplete or “ fuzzy” data, and can deal 

with previously unspecified or un-encountered situations. Unlike the traditional 

geostatistical methods which are based essentially on either geometrical reasoning or 

statistical techniques and generally assume that the spatial distribution o f ore grade is a 

function o f  distance, Neural Networks (NNs) are good at analyzing large amounts o f  data
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to identify relationships, recognize patterns, associations and anomalies, and make 

predictions automatically.

A neural network is a nonlinear mathematical structure, which is capable of 

representing arbitrarily com plex nonlinear processes that relate the inputs and outputs of 

any system. The neural network presents a new procedure and structure in nonlinear 

interpolation and dem onstrates a potential o f  ore reserve estimation. In this study, the 

neural network will be used for estimating the placer gold grade. The details o f  neural 

network will be discussed in the following chapters.

Neural network can deal with non-linear distributions in drill hole samples and 

solves problem in a uniquely different way. Neural networks learn the key relationships 

in the data and then generalize from those relationships, building their own “rules”. These 

can then automatically produce estimates based upon their experience. The generalization 

abilities o f neural models are exceptional. This means that once a model has been trained, 

it can predict samples that it has never seen before. This is achieved by combining 

information from several sim ilar samples by forming many broad, general relationships.

For a synthesis problem such as the estim ation o f  marine placer gold reserve in an 

area, neural network could provide the solution for complex non-linear continuous 

function by its ability to learn continuous mapping from one or more inputs to one or 

more outputs.

1.3 Literature Review

Neural networks (NNs) have been used in geological and geographical analysis for 

over a decade. Applications include vegetation and land cover mapping (Fitzgerald & 

Lees. 1996; Foody, et al, 1997; Foody, 1997), land degradation (Mann & Benwell, 1996), 

geological mapping (An, et al, 1995), and classifying remote sensing data (M iller, et al.
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1995). However, relatively few applications have been published in the area o f reserve 

estimation. Some o f  the available publications are reviewed below.

Denby and Burnett (1993) presented an artificial intelligent tool called GEMNET 

(grade estimation using mapping network) for estimation o f grade in mineral deposit. The 

paper provides an example o f  its application in an iron ore deposit.

Kapageridis and Denby (1998) presented a Neural Network approach to modeling 

ore grade spatial variability. The dataset used for the development o f  the Neural Network 

system is a large undeveloped copper/gold deposit. The ore bodies occur in the form o f 

chains o f  lenses developed along shear fractures in metasomatized host rocks. The data 

set contains 77 drill holes providing a total o f  3600 observations on lithology. bleaching, 

structure and assays.

The Neural Network architecture used for the training is the Radial Basis Function 

(RBF) network. The structure o f  the RBF network is a feed forward, single hidden layer, 

fully interconnected network. The choice o f  RBF networks for ore grade estimation is 

dictated by their locally tuned response characteristics and certain qualities that allow the 

production o f  local reliability measures. The input patterns are the coordinates o f 

samples, distance, and length o f  the neighboring sample in each direction. There is only 

one output, the grade at the point where the network is being trained.

The test set showed the RMS errors on the system’s estimations as 0.17 RMS and 

12% mean absolute. The results obtained from the system indicated the potential o f the 

Neural Network for ore reserve estimation.

In another application, Kapageridis et al (1999) interfaced GEM NET-II with Vulcan 

3-D modeling package to allow visual validation o f  the results. The development o f the 

neural network for GEMNET-II was carried out by using Stuttgart neural network 

simulator, and was tested on a number o f  real deposits. The results indicate that the 

system can provide with a very fast and robust alternative to the existing time-consuming 

methodologies for ore grade estimation.
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Clarici et al (1993) dem onstrated Neural Network’s prediction capabilities and their 

potential as a  tool for recoverable reserve estimation. Several experiments were designed 

to enable comparisons with results obtained from ordinary Kriging (Ravenscroft and 

Armstrong, 1990) and conditional simulation (Ravenscroft, 1992). The data used in the 

study consists o f  sampling results on a 2m square grid taken from an area o f  150m by 

200m on one level o f an operating mine. The data follows a lognormal type distribution 

with a mean value o f 1.0 and a variance o f 1.21, and has a well defined variogram 

structure with an isotropic range o f  27m and some 2.5% nugget effect. Two subsets o f 

data were extracted from the exhaustive data set to represent two possible sampling 

configurations. The first set o f  samples is taken on a regular 10m by 10m grid, the second 

set o f the samples is taken on a 24m by 24m grid, with in-fill drilling in higher grade 

areas providing the form o f  clustered data set which would be typical in an exploration 

sampling program. The sim ulation o f  block values was made by averaging simulated 

point values into 6m by 6m square blocks.

The Back-Propagation Neural Network was used for training. It is a four layer feed

forward network with two hidden layers. The number o f  hidden neurons was determined 

experimentally. The input layer had two neurons, receiving sample records o f  Eastings 

and Northings, whereas the output layer had only one neuron which was used for grade 

estimation.

In their experiment, the training o f  the neural network was first based on the 24m 

grid samples in which there are 50 pattern records included. The result showed a poor 

performance on the validation set. A probable reason given by the authors is that the 

Neural Network was unable to identify the underlying pattern. To identify the complex 

relationship in the ore body, 50 samples were not enough for the Neural Network to 

identify the pattern and to predict grade distribution over the 150m by 200m area. As a 

result, the next experiment involved training of a Neural Network on sample data taken 

from a 10m grid. The smaller grid presented the Neural Network with 512 known
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samples, 3500 data points were chosen randomly for prediction, and the network 

produced very satisfactory' results.

The result was also compared with the Kriging estimated output and actual values, 

they are close to each other. The experiments show that with appropriate model 

parameters and input vector the Neural Network can produce reliable results.

In another application. E. Clarici et al (1993) used Neural Network model for 

analyzing spatial data. The data set used in the experiments consisted o f  60 records, each 

with fields o f Northings. Eastings, parts per million (ppm) o f Arsenic, ppm o f  Lead, and 

ppm of Cadmium. 48 o f  these records were used to train a commercial network simulator. 

After training, the network was then used to predict the Arsenic, Lead and Cadmium 

content o f  the remaining 12 records which was given only the Northings and Eastings.

The Neural Network architecture used was a  three-layer perceptron with Back- 

Propagation, which consisted o f  an input layer o f  two neurons (Eastings and Northings), 

2 hidden layers o f  15 and 20 neurons respectively and an output layer with 3 neurons, one 

for each pollutant.

The same 48 records used for training the network were then kriged and from these 

results the assays contents o f  the twelve records were again predicted.

The results o f  the predictions for both the Neural Network and the Kriging 

predictions were illustrated. The degree of scatter o f  the predicted values about the true 

values was summarized by calculating the moments o f  inertia. Values predicted using 

Neural Network showed less scatter than those predicted using Kriging, Neural Networks 

were also able to generate a fuller output for a larger range o f positional data than the 

Kriging method. But gridded output for the kriged results was seen to be smoother than 

the output generated by Neural Networks. From the experiments it was concluded that 

Neural Networks had considerable potential as a tool for spatial data analysis.
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Wu and Zhou (1993) used a m ulti-layer feed forward Neural Network to capture the 

spatial distribution o f  ore grade by directly training the network with filed assay data at 

borehole locations. The trained Neural Network was then used to predict the distribution 

o f  ore grade in the drilling region. Results predicted from the Neural Network model 

were compared with other traditional models.

The exam ple estimates the grade based on drill hole composites for a level in a 

surface copper mine with an assumed bench height o f 12m. The set o f  training cases was 

composed o f  the sample values from 51 boreholes. The network was given a spatial 

position (x and y coordinates) as input and asked to estimate ore grade for that location as 

output. Therefore, the network architecture consisted o f two nodes in the input layer, and 

one node in the output layer. Based on past experience, two hidden layers were used in 

the network and full connections between nodes in adjacent layers were enforced.

After the network was trained to identify the underlying pattern o f grade distribution 

based on the samples, estimates on ore grade for all the blocks in the level were made 

using the same block size. The results were compared with several conventional 

estimation methods shown in Table 1-1.

The results indicated that after appropriate training on a fairly comprehensive set o f  

sample data, the Neural Network could generalize reasonably well in the neighborhood o f  

the sampling region.

Table 1-1: Comparison of Ore Reserve Estimations (Wu and Zhou, 1993)

Cut-off Grade Number of blocks Tons of Ore Averaae Grade

(%) >0.60 >0.55 >0.60 >0.55 >0.60 >0.55

Hand Polvaon — 1.804.836 1.804.836 0.93 0.93

Computer Polvaon 66 66 1,844.637 1.844,637 0.92 0.92

Inverse Distance 65 69 1,816.687 1,928.484 0.91 0.89

Kriqinq 68 71 1.900,534 1,984.382 0.86 0.85

Neural Network 61 72 1.679.407 2.012.331 0.87 0.83
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A critical review o f the applications presented above leads to the conclusion that 

with Neural Networks, the spatial distribution o f  ore grade can be captured directly 

within the w eight structure o f  a Neural Network through training on the sample data o f  

drillholes. The functions and parameters applied in the networks are on the "black boxes" 

basis, and the rules o f operation are completely undefined. Furthermore, the mathematical 

theories that are used to guarantee the performance o f  a Neural Network are still under 

development. Therefore, the purpose of this study is another attempt to investigate the 

Neural N etw orks for ore reserve estimation.

1.4 Scope o f the Study

A large am ount o f  drill hole data is available from Nova Gold Resources, collected 

from vertical increments o f 0.30 m, 0.91 m, or 1.52 m. The data reflects that the drilling 

of holes is not on a regular grid. The hole spacing is often too large to apply geostatistics 

in order to calculate placer gold reserve accurately. In th is thesis. Neural Network will be 

used to obtain the gold reserve for Nome Offshore placer deposit. A Neural Network can 

be taught to recognize patterns o f  a large number o f  variables and accepted as generally 

good at recognizing patterns from noisy and com plex data, and estimating their non

linear relationship. The Neural Network provides a  general technique for solving 

synthesis problem s. In mathematical terms, an input vector, often referred to a feature 

vector, is used to determine a category. For example, the grade o f gold with varying 

depths o f  drill holes can be represented as a feature vector, and based on these values a 

prediction can be made. The Neural Network uses the training data (collected from drill 

holes) to develop distribution functions that are in turn used to estimate the likelihood o f  

a feature vector within the given category.
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Once the distribution functions and the network architecture are developed, the 

heterogeneous ground can be divided into different grids and further classified in 

categories. After the entire ground is covered, the feature vectors can be summed up for 

the theoretical estimation o f  the total volume o f  gold. This theoretical estimation can be 

applied for the heterogeneity o f  ground where gold is not randomly distributed 

throughout a placer deposit.

A typical Neural Network ore reserve estimation model analysis would have the 

following sequence:

( 1) Construct the network architecture.

(2) Load drill hole data (many different spatially-related types, each containing 

multiple layers o f  data)

(3) Neural analyses, which include clusters/correlations analysis, activation 

functions applied.

(4) Interpolate scatter data onto regular grids.

(5) Predict the ore grades.

(6) Validate the predicted results by checking their relative reality values, 

particularly where individual data set have different spatial coverages.

(7) Visualize results using 2-D/3-D plots.

Neural Networks are particularly effective for predicting events when the networks 

have a large data set to draw on. Some assumptions can be used to bring together sort o f 

artificial models and different assumptions will lead to variation o f the outputs. Some o f 

the parameters applied on the Neural Network need to be optimized for an accurate 

output.

For each estimation algorithm, there are a number o f  estimation parameters whose 

values can strongly influence the estimation process. For example, in weighted average 

estimation methods, such as ISD and Kriging, these parameters include the search radius 

within which data points will be selected for estimation and the minimum and maximum
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number o f samples that will be used to estimate the grid values. Changing any o f  these 

parameters can change the result o f estimation. So which combination o f  parameter 

values is optimal for estimation? Validation is an essential component o f  the estimation 

process that can be used to compare the quality o f  estimation resulting from using 

different estimation algorithms or estimation parameters. The validation procedure 

consists o f  generating point estimates at each o f the datum locations using the same 

algorithm and parameter values that are being considered for use during grid estimation. 

Thus, there will be two values that can be compared at each datum location: the actual 

datum value and the estimated values at that location from the surrounding data points. 

The difference between the estimate and the actual datum values is the error o f 

estimation. Statistical analysis and maps o f the estimation error resulting from different 

algorithm or parameter settings can be used to compare estimation quality.

The extent to which various techniques affect the final average total grade content is 

quite variable. Therefore, the objectives of this research are:

1. To examine the effects o f  various Neural Network parameters on the accuracy of 

the ore reserve estimation and the optimization o f  the parameters used in the 

Neural Network model. The following neural network parameters will be 

examined:

(1) Neural-network architecture;

(2) Hidden Layers;

(3) Hidden neurons;

(4) Activation function;

(5) Learning Rate;

(6) Input patterns schedule;

(7) Weights update. Based on the sensitivity analysis.

2. To compare the Neural Network output with the volume of ore estimated by 

traditional ore reserve estimation methods for various cut-off grades. In spite o f
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many papers describing individual method, very little is known about the 

comparative predictive performance o f various methods. Comparisons performed 

on actual drill hole data sets provide real insights on applicability o f  various 

methods. The following traditional estimation methods will be used for 

comparison purpose and validation aspect o f  the estimated placer reserve by 

Neural Network:

(1) Inverse-Distance interpolation method;

(2) Triangular interpolation method;

(3) Kriging interpolation method;

(4) Multiquadric interpolation method;

(5) Spline interpolation method.

3. The Neural Network with optimal parameters is applied as a tool for ore reserve 

estimation in Nome Offshore placer gold deposit, from which the drill hole data 

was obtained from Nova Gold Resources Corporation, and the lease area was 

divided into 9 fish blocks — COHO, HALIBUT. HERRING, HUM PY, KING, 

PINK, RED, SILVER, TOMCOD. The results will also be validated and 

presented by contour maps.
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Chapter 2 Theory of Neural Network

2.1 Introduction o f Neural Network

Neural Network is an information processing technique based on the way biological 

nervous systems, such as the brain, process information. The fundamental concept o f 

Neural Networks is the structure o f the information processing system. "Neural Networks 

are composed o f  a large number o f highly interconnected processing elements or neurons. 

A Neural Network system  uses the human-like technique o f  learning to resolve problems. 

The Neural Network is configured for a specific application, such as data classification or 

pattern recognition, through a learning process called training. Just as in biological 

systems, learning involves adjustments to the synaptic connections that exist between the 

neurons” (Website 1, Annon). To capture the essence o f  biological neural systems, an 

artificial neuron is defined as follows:

•  It receives a  number of inputs (either from original data, or from the output o f 

other neurons in the neural network).

•  Each input comes via a connection which has a strength (or weight); these 

weights correspond to synaptic efficacy in a biological neuron.

•  Each neuron also has a single threshold value. The weighted sum o f the inputs is 

formed to com pose the activation o f  the neuron.

• The activation signal is passed through an activation function to produce the 

output o f  the neuron.

As complicated as the biological neuron is, it may be simulated by a very simple 

model. The inputs each has a weight that contributes to the neuron, if  the input is active. 

The neuron can have any number o f inputs.

"Neural Networks can differ on: the way their neurons are connected; the specific 

kinds o f computations their neurons do; the way they transmit patterns o f activity
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throughout the network; and the way they learn including the learning rate. Neural 

Networks are being applied to an increasing large number o f  real world problems. Their 

primary advantage is that they can solve problems that are too complex for conventional 

technologies -- problems that do not have an algorithmic solution or for which an 

algorithmic solution is too com plex to be defined” (W ebsite 7, Annon). In general, 

Neural Networks are well suited to problems that people are good at solving. These 

problems include pattern recognition and prediction -  which requires the recognition o f 

trends in data.

The processing elements considered in the definition o f  Neural Network are usually 

organized in a sequence o f  layers, with full connections between layers. Typically, there 

are three (or more) layers: an input layer which transmits signals from preprocessing 

units to neurons on hidden layers, an output layer with a buffer that holds the output 

response to a given input, and one or more intermediate or hidden layers (Figure 2-1).

W eights

\

Output
Vector

/

Figure 2-1: Artificial Neural Network
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The network connection structure is specified by set o f  parameters o f neuron 

combination functions. Each param eter is described by an identifier o f  source o f  input 

signal and a scalar connection weight. The identifier o f neuron, which sends its output 

signal to given neuron or identifier o f  preprocessor module (for neurons o f an input 

layer), is used as reference to sources o f  signals for the given neuron.

Many recent studies and success stories have been reported in various international 

conferences (e.g. International Joint Conference on Neural Networks. World Congress on 

Neural Networks, IEEE World Congress on Computational Intelligence) and journals and 

magazines (e.g. IEEE Expert Systems, Al in Finance, Al Experts, Technical Analysis o f 

Stocks & Commodities, PC Al). A  number o f real applications can also be found in the 

NeuroForeeaster Package. Based on these successful applications, it is therefore evident 

that the Neural Network technologies can be applied to many real-world problems. The 

operation o f  an artificial Neural Netw ork involves two processes: learning and recalling. 

Learning is the process o f  adapting the connection weights in response to external stimuli 

presented at the input buffer. The network "learns" in accordance with a learning rule 

governing the adjustment o f  connection weights in response to learning examples applied 

at the input and the output buffers (Website 5, Annon). Recalling is the process o f  

accepting an input and producing a response determined by the geometry and the 

synaptic weights o f the network.

Each processing element (or unit) performs a relatively simple job. It receives input 

from neighboring or external sources and uses this to com pute an output signal which is 

propagated to other units. Apart o f  this processing, a second task is the adjustment o f  the 

weights. The system is inherently parallel in the sense that many units can carry out their 

computations at the same time. During operation, units can be updated either 

synchronously or asynchronously. With synchronous updating, all units update their 

activation simultaneously; with asynchronous updating, each unit has a (usually fixed) 

probability o f  updating its activation at a time, and usually only one unit will be able to 

do this at a time.
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Neural Networks are general function approximators and they can therefore be 

trained to compute any desired function including decision-making functions. In spite o f 

the considerable progress in Neural Network research worldwide which has made it 

possible to find effective solutions to many decision-making problems, a crucial research 

issue is still outstanding, namely how to select an appropriate architecture. This problem 

is particularly relevant when dealing with applications involving highly dimensional data 

as they usually require complex architectures.

A large number o f Neural Network architectures are available based on the network 

connected topology. The choice o f  a particular architecture is very much dependent on 

the training task which a Neural Network is required to perform. In ore reserve 

estimation, there are multiple dimensional inputs with very noisy data. One algorithm 

which can immensely contribute to the solution o f  these problems is the Back- 

Propagation algorithm. Back-Propagation is a supervised learning algorithm that can be 

applied to multi-layer feed-forward networks. The standard algorithm is straightforward 

and easy to understand.

Back-Propagation is by far, the most commonly used method for training multilayer 

feedforward networks. The term  Back-Propagation refers to two different things. First, it 

describes a method to calculate the derivatives o f the network training error with respect 

to the weights by a clever application o f  the derivative chain-rule. Second, it describes a 

training algorithm, basically equivalent to gradient descent optimization, for using those 

derivatives to adjust the weights to minimize the error.

Russell et al (1999), and Pao (1989) made detail descriptions on the Back- 

Propagation algorithm. Some o f  their works are reproduced in the next section for the 

introduction to the theory of Back-Propagation.
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2.2 Back-Propagation Neural Network

2.2.1 Back-Propagation Error Function

A Back-Propagation network is a fully connected, layered, feedforward Neural 

Network. Activation o f  the network flows in one direction only: from the input layer 

through the hidden layer, then on to the output layer. Each unit in a layer is connected in 

the forward direction to every unit in the next layer. A Back-Propagation network may 

contain multiple hidden layers. Knowledge o f  the network is encoded in the (synaptic) 

weights between units. The activation levels o f  the units in the output layer determine the 

output o f the whole network.

Back-Propagation network typically starts out with a random set o f connection 

weights. The network adjusts its weights based on some learning rules (Jordan, 1991) 

each time it finds a pair o f  input-output vectors. Each pair o f  vectors goes through two 

stages o f activation: a  forward pass and a backward pass. The forward pass involves 

presenting a sample input to the network and letting activations flow until they reach the 

output layer. During the backward pass, the network's actual output (from the forward 

pass) is compared w ith the target output and errors are computed for the output units. The 

weights connected to the output units can be adjusted in order to reduce those errors. The 

error estimates o f  the output units are then used to derive error estimates for the units in 

the hidden layers. Finally, errors are propagated back to the connections stemming from 

the input units. A fter each round o f forward-backward passes, the system 'learns' 

incrementally from the input-output pair and reduces the difference (error) between the 

network's predicted output and the actual output. A fter extensive training, the network 

will eventually establish the input-output relationships through the adjusted weights on 

the network.

The algorithm was popularized by Rumelhart et al (1988), although earlier work had 

been done by W erbos (1988), Parker (1987), and Le Cun et al (1991). Together with the 

Hopfield network, it was responsible for much o f  the renewed interest in Neural
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Networks in the mid-1980s. Before Back-Propagation, most networks used non- 

differentiable hard-limiting binary nonlinearities such as step functions and there were 

not well-known general methods for training multilayer networks. As a training 

algorithm, the purpose o f  Back-Propagation is to adjust the network weights so the 

network produces the desired output in response to every input pattern in a predetermined 

set of training patterns. It is a supervised algorithm in the sense that, for every input 

pattern, there is an externally specified ‘correct’ output which acts as a target for the 

network to converge. Any difference between the network output and the target is treated 

as error to be minimized.

To train a network, it is necessary to have a set o f  input patterns and corresponding 

desired outputs, plus an error function that measures the 'error’ between network outputs 

and desired values. The basic steps are the following.

1. Present a training pattern and propagate it through the network to obtain the 

outputs.

2. Compare the outputs with the desired values and calculate the error.

3. Calculate the derivatives dE / <3u'(/ o f the error with respect to the weights.

4. Adjust the w eights to minimize the error.

5. Repeat until the error is acceptable or the training is stopped.

The error function measures the error between the network outputs and the desired 

values. The sum-of-squares equation ( SSE ) below  is a commonly used method:

(2- 1)
p

where, p —  the patterns in the training set; 

i —  the output nodes;
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d pt — the target (desired) output for the ith output node on the pth pattern; 

y pi — the actual network output for the ilh output node on the plh pattern.

Back-Propagation can be applied to any feedforward network with differentiable 

activation functions. In particular, it is not necessary to have a layered structure. An 

arbitrary feedforward network will be assumed in the following. In the forward pass, the 

network computes an output based on its current inputs. Each node i computes a 

weighted sum net; o f  its inputs and passes this through a nonlinearity by applying an 

activation to obtain the node output o; (Figure 2-2).

Ol W,|

Figure 2-2: Forward Propagation

net, = Y < w'j ° j <2-2)
J

o, = / ( n e t , )  (2-3)

where, /  — an activation function such as Tanh or Sigmoid. 

j  —  the nodes that could send input to node / .

If there is no connection from node j, w eight Wy is taken to be 0. As usual, it is 

assumed that there is a bias node with constant activation, Objas= l, to avoid the need for 

special handing o f  the bias weights. Every node is evaluated in order, starting with the
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first hidden node and continuing to the last output node. In layered networks, the first 

hidden layer is updated based on the external inputs, the second hidden layer is updated 

based on the outputs o f the first hidden layer.

If  the network is not perfectly trained, the network outputs will differ som ewhat 

from the desired outputs. The significance of these differences is measured by an error 

function E . In the following, we use the SSE error function

£  = Z K , - “ , . ) 2 (2-4 >
“  P  '

Where, the factor (1/2) suppresses a factor of 2 to the average. The errors on different 

patterns and different outputs are independent. Thus, the overall enor is just the sum o f  

the individual squared errors:

En=\'L(dr,-°ry  <2- 5)

P

For convergence, the values o f  the weights might be updated by taking incremental 
changes Awjj proportional to - d E !  dwt/, that is

Ah' = - n - ^ ~  (2-6)
8wt/

Where, rj is the learning rate. Figure 2-3 shows the learning process o f Back-Propagation 
Neural Network.
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Figure 2-3: Neural-network Learning Model
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2.2.2 Back-Propagation Theory

Having obtained the outputs and calculated the error, the next step is to calculate the

derivative o f the error w ith respect to the weights. The error term, £ s.v/, (= Ep) is the

sum o f the individual pattern errors, so the total derivative can be written as: 

dE  ^  dE
— = Y — ~ (2-7)

The efficiency o f  Back-Propagation algorithm depends on how the operation is 

decomposed and the ordering o f  the steps. The derivative can be written as:

dE _  dE dnet
—  = Y  L (2-8)
d\vlt dnet , dwtJ

where, i —  Overall output nodes it runs;

netj — The weighted-sum input for node j  obtained in equation (2-2).

Using expression (2-2), we can obtain 

dnet, d

dwlt dwv = 0 j  ( 2 ‘ 9 )

If we define a value S, for each node / as:

d E n
S , = J - T  (2-10)dnet,

then, A wII= t j lS , o J (2-11)
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dE,
To compute 5, = -—. the chain rule can be used to express the partial derivative in

dnet,

terms o f  two factors, one expressing the rate o f  change o f error with respect to the output 

O j ,  and the other expressing the rate o f  change o f  the output o f the node i with respect to 

the input to that same node. That is.

For hidden nodes, 8, is obtained indirectly. Hidden nodes can influence the error 

only through their effect on the nodes i to which they send output connections.

8  -  dEp dEp 8o‘
' dnet, co dnet,

(2- 12)

the term 5i measures the contribution o f  net, to the error on the current pattern.

From equation (2-5), we can write:

(2-13)

The second term can be written as:

(2-14)

where, f , = f  (netk). It is the slope o f  the node nonlinearity at its current activation

value.

For output nodes, dEp / dnet, is obtained directly,

(2-15)
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but the first factor is the 8k o f  node k, so

(2-17)

The second factor is obtained by noting that if  node /connects directly to node 

k  then dnetk I dnet, = f ,  , otherwise it is zero. Thus, for hidden nodes:

That is, 8, is a weighted sum o f  the S k values o f  nodes k  to which it has connections

wkl. It is evaluated in terms o f  the deltas at an upper layer. The process starts at the

output nodes and works backward tow ard the input layers, hence it is termed "Back- 

Propagation”. In summary:

For output nodes, 8, depends only on the error (d, - o , )  and the local slope f ,  o f the 

node activation function. For hidden nodes, J , is a weighted sum o f  all the nodes it 

connects to, times its own slope { f ,  ). Because o f the way the nodes are indexed, all delta 

values can be updated in a single sweep through the nodes in reverse order. In layered 

networks, 8 values are first evaluated at the output nodes based on the current pattern 

errors, the last hidden layer is then evaluated based on the output delta values, the 

second-to-last hidden layer is updated based on the values o f  the last hidden layer, and so 

backwards to the input layer. Norm ally it is not necessary to calculate 5 values for the 

input layer, thus the process usually stops with the first hidden layer.

8, = / , ’Z u'*A (2-18)

8, = ~ (d p, -  op, ) f ,  , (for output nodes) 

=f , ^ , k whdk ’ (for hidden nodes) (2-19)
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2.2.3 Back-Propagation Algorithm

It is often more convenient to write the Back-Propagation algorithm in matrix 

notation rather than using more general graph form. In matrix notation, the bias weights, 

net inputs, activations, and error signals for all units in a layer are combined into vectors, 

while the non-bias weights from one layer to the next forms a matrix W. Layers are 

numbered from 0 (the input layer ) to k (the output layer). The inputs are in vector X, the 

outputs are in vector Y. The algorithm can then be stated as follows (Website 4, Annon):

1. Initialize the input layer

Vo = *

2. Propagate activity forward: for layer j = 1, 2, ..., k.

V, = / / ( w , ,v /- 1 +  6 ,.)

where, bj is the vector o f bias weights.

3. Calculate the error in the output layer

5 k = d - o k
4. Backpropagate the error: for j = k-1, k -2 ,..., 1.

8j  = { w Ti^ S M ) - f ] ( n e t l )

where, T is the matrix transposition operator.

5. Update the weights and biases:

Awj = S j -o tm

Ab, = S ,
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2.2.4 The Robust of Back-Propagation Algorithm

As an alternative, the derivative can be estimated by a finite-difference 

approximation:

dEp E p (u-,; + £ ) -  Ep ( u'i( -  e)

l£
JrO{£2) (2-20)

where (e < 1) is a small offset. This is a weight perturbation technique (Jabri and Flower, 

1991). Each weight must be perturbed twice and the error must be reevaluated for each 

perturbation. In a serial implementation, the error measurement takes o(w) time so the

total time required scales like o(w : ) . where w is the number o f weights in the network. 

This is slower than Back-Propagation. which takes o(w)  time for the derivative, but it is 

robust and simple to implement. Recall from equation (2-12) that S, is the derivative o f 

the error with respect to the node input sum netj. Instead o f perturbing the weights, the 

net; values o f  the hidden nodes are perturbed to obtain an approximation o f  the node 5

(2-21)
duet, 2e

The equation (2-21) is used to calculate the gradient with respect to the weights. Each 

node must be perturbed twice and the error reevaluated. If  there are H  hidden nodes and 

W weights, this takes 0 ( 2 H W )  steps. Calculation o f  E p takes 0( W)  time so the overall

time scales like 0 ( H W ) .  Depending on the relative sizes o f H and IF , this can be much 

faster than the 0 ( W 2) time o f the previous method, but it is still longer than the 

0(fF )tim e o f Back-Propagation.

Although finite-difference techniques are slower than Back-Propagation, they are 

simple to implement and useful for verifying the correctness o f  more efficient 

calculations. They are also useful for training systems where analytic derivative 

calculation is not possible.
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2.3 Activation Function

Activation functions for network units are needed to introduce nonlinearity into the 

network. Without nonlinearity, hidden units can not make nets more powerful than just 

plain perceptrons. An activation function is a function used to transform the activation 

level o f a unit (neuron) into an output signal. Typically, the activation has a smoothing 

effect.

From the discussion in Section 2-2. one may recall that for the purpose o f finding 

optimal weights Wjj to minimize (dj -  Oj ): by Back-Propagation algorithms, it is also a 

requirement that the activation function be differentiable and that it satisfies a simple 

differential equation, thus permitting the evaluation o f increments o f  weights via the 

chain rule for partial derivatives.

For these reasons, the activation function has almost always been one o f the related 

functions such as Logistic function. Tanh function, Gaussion function. Threshold 

function, and so on (Figure 2-4). For example.

(2-22)

./ianh («e0  = tanh(/i«rO (2-23)

Noting that the derivatives are given by

(2-24)

Reproduced with permission o f the copyright owner. Further reproduction prohibited w ithout permission.



Transfer Functions

“ S igm oid

-Gaussian

-Seen

Figure 2-4: A ctivation Functions

^  /anh (n e t) = sec h 1 (net) (2-25)

Substituting from (2-22) and (2-23) respectively, the differential equation for and 

/.am, are:

/ l O g  / l o g  0  / l o g  )

f  = 1 -  f 2J  tan h  J  lanh

(2-26)

(2-27)

The simplicity o f  these logistic equations o f  (2-26) and (2-27) permits easy computation 

o f  partial derivatives in the optimization algorithm (Website 8, Qnet2000).
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Softmax Activation Function

In case o f  the infinite training data, outputs o f  the Neural Network are trained on 

[0, 1], targets approximate the true a posteriori probabilities o f  the classes associated with 

the output units. A key assumption o f  such output interpretation is that Neural Network 

has enough hidden units to be able to exactly represent posterior probability function. If. 

however, these conditions are not satisfied in particular because o f  only finite amount o f  

the training data, then the outputs will not represent a probability. It is not even 

guarantied that they would sum to one. If the sum o f  the output activations differs 

significantly from 1.0 in some range o f the input space, it is an indication that the 

network is not accurately modeling the posteriors. One approach toward approximating 

probabilities is to choose the output activation function to be exponential rather than 

sigmoidal (Bridle, 1990). For each pattern (m = 1, ...,n ; k e  m ), to normalize the outputs 

to the sum o f  1.0 , the following formula can be used:

This method is called softmax, and it is a smoothed continuous version o f  non

linearity. If  such a trained network is used on the data where the priors have been 

changed, it can lead to the performance degradation. Possible solution is to rescale each 

network output by the new prior class probabilities or their ratio. This can be 

accomplished only if the prior class probabilities in the test set are known in advance. It 

can be one o f  the reasons for not achieving very good Neural Network performance on 

the presented tasks.

net.e
(2-28)st

m=\
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2.4 The Weights Computation and Update

Suppose the inputs are in terms o f  column vectors X, so that X= {xj, X2, - , xn,}, and

grouping the training-set patterns ( row-wise ) in the form o f a matrix X, the weight 

vector W  can be computed as follows (Judith, 1990):

X W  = 0 (2-29)

Where the elements o f  O  are the output values specified by the training set. For m 

number o f patterns in n-dimensional space. The expression (2-29) can be written in 

expanded form as:

(2-30)

*11 *12 ' ”  * .„

*21 *22 ’•• * 2 .
• =

° 2

- * « l *m 2 ‘ -  *m„ vvm 1 o 3 i

The equation (2-30) can be solved in terms o f the transposition o f vector X; that is, 

W = X T 0  (2-31)

Having obtained the weights and the derivatives, it is necessary to update the 

weights so as to decrease the error. As discussed earlier, Back-Propagation calculates the 

derivatives dE / dw and adjusts the weights to reduce the error.

By the definition o f  Back-Propagation, the bias o f  weights are propagated in the 

opposite direction. Back-Propagation is analogous to gradient descent. The weight update 

formula is

dE
—  (2-32)
dw9
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where, r| is the learning rate. It is a small positive constant. If r| is very small, it will take 

very long learning time. Typical-values o f r) are in the range 0.05< rj< 0.5. The network 

is usually initialized with small random weights. Values are often selected uniformly 

from a range [-a, +a], typically, 0 < a < 1. Random values are selected to break the 

symmetry while small values are necessary to avoid immediate saturation o f  the sigmoid 

non-linearity o f  the activation function. Three com mon weight-update algorithm s (1) 

batch-mode, (2) on-line (vanilla), and (3) momentum are available in the literature. These 

algorithms are briefly discussed here (Russell, 1999).

2.4.1 Batch-mode Update

In batch-mode, each pattern p is evaluated to obtain the derivative term  dE I d\v\ 

these are summed to obtain the total derivative

£ ^  = v £ 5 i  (2-33)
C \V  p  c w

The algorithm can be written as:

1. Apply pattern p and forward propagate to obtain network outputs, and

2. Calculate the pattern error E p and back-propagate to obtain the single-pattem 

derivatives 8Ep /  d\v.

3. Add up all the single-pattem terms to get the total derivative.

4. Update the weights

3E
H*(/ + I ) = u*(0-*7 — c\v

5. Repeat.

Each loop that passes through the training set is called an epoch. Because the weight 

changes are proportional to the gradient, so the batch-mode learning approximates 

gradient descent when the step size (learning rate) r| is small. Each weigh update reduces 

the error by only a small amount, so many epochs are needed to minimize the total error.
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2.4.2 On-line-mode Update

In on-line learning, the weights are updated after each pattern training. The output is 

compared with the target and the errors are back-propagated to obtain the single-pattem 

derivative dEp / d w . The weights are updated immediately, so it is called on-line update.

In order to avoid cyclic effects, the patterns are selected randomly. The algorithm can be 

described as follows:

1. Select pattern p randomly.

2. Apply pattern p and forward propagate to obtain network outputs, and

3. Calculate the pattern error E p and back-propagate to obtain the single-pattem 

derivatives dEp / dw.

4. Update the weights immediately using the single-pattem derivative.

5. Update the weights

/ *, , . dEw{t + \) = w(<t)-T]-—
^\v

6 . Repeat.

Because each pattern derivative is evaluated immediately, there is no need to store 

and sum the individual gradients. Thus, the algorithm saves a lot o f memory during the 

training. Another advantage is that it is easy to implement and good for parallel 

computing. The disadvantage is, however, that it is no longer a simple approximation to 

gradient descent.
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2.4.3 Momentum-mode Update

The momentum learning is a modification o f  the on-line-mode updated by adding a 

momentum term. The modified w eight change formula is

d E
Au’(r) =  - q  ( / )  +  a - A w ( / - l )  (2-34)

dw

The weight change is a combination o f the previous weight change and the negative 

gradient. The momentum factor is in the range o f 0 < a  <  1. For a large momentum factor 

a , the term s reinforce each other when successive gradients are in the same direction, 

leading to accelerated learning. It is called a smoothing effect. The smoothing effect o f 

momentum can be illustrated by expansion o f equation (2-34)

dE
A ^ ( r )  = -// — (0 + a  ■ AfV(t -1)

dE , ^■n (0  + a
d W

f  d E  A
— n --- ( t - \ )  + a - M V { t - 2 )

' d W

d E , ^■q (t) + a
8W J J

The w eight update is now an exponential average o f  all the previous gradient terms 

rather than ju s t the most recent term. Because a < l ,  the contribution from earlier 

derivative term s decays with each time step and the sum is dominated by the more recent 

terms. The time-constant o f the system is controlled by a .  For small a . the coefficients 

decay quickly as k increases; For large a —» 1, however, the coefficients decay very 

slowly. The system is stable but slow  to react to changes in the error term.
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2.5 Learning Rate and Momentum Factor

2.5.1 Choices of Learning Rate

The learning rate x\ and momentum param eters a  have an obvious direct effect on 

the training process so it is desirable to select good values. Unfortunately, it is not easy to 

determine these learning parameters. Some o f the factors affecting the choice o f  learning 

rate are:

• The distribution o f  the training data

•  Weight magnitudes. Suppose the w eights are initialized to very small values, 

the derivatives will be small, so larger initial learning rates are needed to 

achieve the same training speeds. Because the weights grow during training, if 

the learning rate is not reduced, the training will not be stable.

• The error gradient. The gradient BEp /  dw  changes dramatically as the weight

(wj changes.

• Stochastic training. In on-line-mode learning, the pattern is selected randomly 

so that it causes the data pattern noisy, therefore, it is necessary to reduce 

learning rate gradually to make the training converge with stable weights.

• Other difficulty o f the problem. Often refers to ill-conditioning o f  the Hessian 

matrix.

The constant learning rate may not be appropriate in all parts of a network. Because 

poor training parameters can cause poor performance, it is often necessary to do trials for 

a good set o f  training parameters as part o f the search for a good set o f  weights. The 

effective learning rate is amplified by redundancies such as near duplication o f training 

patterns and correlation between different elements o f  the same pattern, and by internal 

redundancies such as correlations between hidden unit activities.

Because the difficulty o f choosing a good learning rate, adaptive algorithms have 

become useful and popular. The adaptive methods can relieve the user o f  the need to
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search for the optimal value. A good adaptive algorithm will usually converge much 

faster than simple Back-Propagation with a poorly chosen fixed learning rate.

2.5.2 Interaction of Learning Rate and Momentum

The learning acceleration effect o f  momentum can be illustrated by considering the 

case where the derivative is constant. <3E/dw(t) = J. This is a reasonable approximation 

when r| is very small (Russell. 1999). So the weight does not change much with each 

step. It is also reasonable on flat areas o f  E(w) where the gradient is small. Then

momentum, AW(t) would be -r|J. With momentum, however, AW(t)= -rjJ/( 1 -cc). 

Momentum thus has the effect o f  amplifying the learning rate from r\ to the effective

As a —> 1, the effective learning rate can become very large, but the time constant 

also becomes large. Weight changes are affected by error information from many past 

cycles, which may make it difficult for the system to respond quickly to new conditions 

in the E(w) surface. The weight trajectory may result in a minimum but is quite possible 

unable to stop because o f  the continuing effects o f  earlier weight changes.

r.

= z H i L (2-36)
l - a

where, the identity ^ a k = 1 /(1 -o r)  (for | a | < l )  is used in the last step. Without

value r) = q /( l-a ) .
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2.6 Network Training and Performance

Network Testing and Performance

The Back-Propagation typically requires both a training set and a test data set. The 

training set is used to train the network, whereas the test set is used to assess the 

performance o f the network after the training is complete. Both the training set and the 

test set contain input/output pattern pairs. In a typical application both sets are taken from 

actual data, although at times simulated data is used as well. If  available data is scarce, 

then small amounts o f  noise may be added to the data to simulate additional patterns for 

the training or the test sets. In any case, the training and test sets should use patterns, 

typically the type o f  data that the network is likely to encounter in the future. To provide 

the best test o f  network performance, the test set should be different from the training 

data set.

Network Training

Back-Propagation networks are trained by a technique called supervised learning, 

whereby the network is presented with a series o f pattern pairs -  each pair consisting o f  

an input pattern and a target output pattern. Each pattern is a vector o f real numbers. 

After the network is trained, the trained output is to com pared with the target (desired) 

output pattern so that the weights can be updated by com puting the bias o f the weights.

In some applications, the target output is simply a  desired pattern response to the 

input pattern, and the network is trained to be a pattern-mapping system. In other 

applications, the target output pattern is sometimes designed to represent a classification 

for the input pattern. In this way, the network may be presented with a series o f input 

patterns together with the classification for each input pattern.

The patterns in the training set are presented to the network repeatedly. Each 

training iteration consists o f  presenting each input/output pattern pair once. When all
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patterns in the training set have been presented, the training iteration is completed, and 

the next training iteration would begin. A typical Back-Propagation example might entail 

hundreds or thousands o f training iterations.

Convergence

Convergence is not always easy to achieve because the process may take an 

extremely long time and sometimes the network gets constrained in a local minimum and 

stops learning altogether. W hen a network is trained successfully, it produces correct 

answers more and more close to the target output. It is important, however, to have a 

quantitative measure o f learning. The root-mean-squared (RMS) error is usually 

calculated to reflect the degree to which learning has taken place in the network (Judith, 

1990).

where, dj — the target value for output unit j with pattern p;

Oj — the trained output for unit j  with pattern p; 

np — number o f  patterns in the training set; 

n0 — number o f units in the output layer.

The first sum is taken over all patterns in the training set, and the second sum is

taken over all output processing units. This measure reflects how close the network is to

getting the correct answers. As the network learns, its RMS error decreases. Convergence 

is a process whereby the RMS value for the network gets closer and closer to zero.

(2-37)
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2.7 An Example of NN for Ore Reserve Estimation

The following exam ple is used to illustrate the application o f a Neural Network. It 

should be emphasized that the result is unique to this example and different assumptions 

will lead to variation o f  the outputs. Some o f  the parameters applied on the Neural 

Network affect the final average total grade. T he illustration does not show how to 

choose the optimal parameters, but the purpose is to illustrate the feasibility and the 

applicability o f  Neural Network in ore reserve estimation. The selection o f  optimum 

parameters will be discussed in next chapter.

The example is based on drill-hole com posites for a level in Nome off-shore gold 

district, which is located on the south shore o f  the Seward Peninsula in Northwestern 

Alaska. The area covers from the shore line 4 kilometers seaward and from 1.6 

kilometers east o f  Nome to about 16 kilometers w est o f  Nome. The lease area is broken 

into 9 fish blocks — Coho, Halibut, Herring, Humpy. King, Pink. Red. Silver, and 

Tomcod. There are about 3500 drill holes and 57 bulk samples in the whole region 

(Rusanowski. 1994). The information used here is from drill hole data within the Herring 

fish block. The prediction results are based on a 10m by 10m mesh grid within a domain 

o f  310 meters by 260 meters. There are 34 drill holes, the distribution o f  the original 

scatter sample data is shown in Figure 2-5, and the corresponding drill hole grades are 

shown in Table 2-1 and Figure 2-6.

The Back-Propagation network architecture is selected for the training. The 

parameters used in the network are listed in Table 2-2. Table 2-3 shows the comparison 

between the actual values and the network training values, where the R2 value is as high 

as 0.87. Figure 2-7 shows a fair ore grade contours generated from values predicted by 

the Neural Network.
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Table 2-1: Drill Holes Information o f  the Study Domain in Herring Block

DHID XSPM YSPM WATDEPTH IBEGIN IEND THICK CUMMGCM

(m) (m) (m) fm) (m) (m) (mq/m3}
2011 8260.7 9705.0 4 -8 -9 5 545
2012 8274.6 9741.3 4.7 -8.7 -9.7 5 152
2013 8276.2 9583.3 5.2 -9.2 -10.2 5 130
2014 8285.5 9778.7 4.9 -8.9 -9.9 5 78
2121 8344.3 9782.6 5.5 -9.5 -10.5 5 36
2122 8346.9 9622.1 4.1 -8.5 -9.5 5.4 132
2123 8360.1 9666.6 3.5 -7.5 -8.5 5 1102
2128 8367.7 9720.0 4 -8 -9 5 750
2129 8378.1 9561.3 5 -9 -10 5 497
2137 8389 9610.5 4.7 -8.7 -9.7 5 1083
2381 8395.3 9732.4 3 -7.86 -9.08 6.04 104
2383 8399.3 9653.0 4 -8 -9 5 123
2384 8417 9705.9 4.4 -8.4 -9.4 5 248
2386 8427.4 9554.5 5 -9 -10 5 1472
2387 8435 9776 7 -11 -12 5 466
2388 8438.6 9595.5 4.7 -8.7 -9.7 5 529
2389 8454 9643.8 3.9 -7.9 -8.9 5 648
2390 8454 9715.8 3.4 -6.46 -8.9 5.55 0
2393 8464.9 9692.4 4.5 -6.5 -7.1 2.6 391
2397 8481.6 9744.3 4.1 -8.1 -9.1 5 196
2398 8486.8 9582.1 4 -5.5 -6.5 2.5 196
2399 8494.2 9790.3 3.7 -7.7 -8.7 5 1395
2402 8501.7 9634.8 3.5 -7.5 -8.5 5 150
2406 8511.9 9696.4 3.7 -5.76 -9.72 6.07 304
2407 8513.8 9678.9 4.8 -8.8 -9.8 5 1222
3012 8299.4 9635.6 3.8 -7.8 -8.8 5 855
3013 8309.3 9689.0 3.7 -7.7 -8.7 5 1895
3024 8322.5 9734.1 5 -9 -10 5 556
3027 8328.9 9575.0 5.1 -9.1 -10.1 5 117
3029 8335.8 9745.9 3.4 -7.99 -9.17 5.82 159
5591 8527.5 9725.9 4.4 -8.4 -9.4 5 395
5594 8535.5 9567.6 4.5 -8.5 -9.5 5 437
5596 8543.5 9775.5 4| -8 -9 5 105
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Figure 2-6: Histogram o f  Drill Hole Sample Grade
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Table 2-2: Parameters Used in Neural Network Training

Parameters values

NN Architecture Back-propagation standard net

Raw data 34 drill-hole information

Domain size 310 meters by 260 meters

Re-grid cell size 10 meters by 10 meters

Predict data set 806 grid cells

Input Patterns X and Y coordinates

Output Gold grade

Minimum grade 0

Maximum grade 1895 mg per cubic meters

Hidden layers 1

Hidden neurons 28

Input layer activation function Linear

Hidden layer activation function Gaussian

Output layer activation function Logs tic

Learning rate 0.1

Increase learning rate none

Weight update algorithm Momentum

Momentum factor 0.8

Testing Set 30% ofthe whole data set

Training save on Best training set

Pattern Selection Radomly select

Stop Criteria 1: Average error < 0.0005

Stop Criteria 2: 20,000 epochs since min. avg. error

R squared 0.87

Root mean squared error 164 mg per cubic meters
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Table 2-3: Comparison between 'A ctual7 Values and NN Predicted Values

ID Actual Network Bias ID Actual Network Bias

1 545 527 18 18 123 257 -134

2 152 162 -11 19 248 300 -52

3 130 18 112 20 1472 1447 25

4 78 111 -32 21 466 454 12

5 756 760 -4 22 529 795 -266

6 855 825 30 23 648 317 331

7 1895 1895 0 24 0 80 -80

8 556 266 290 25 391 373 19

9 117 177 -60 26 196 200 -4

10 159 252 -93 27 196 346 -150

11 36 179 -143 28 1395 1384 11

12 132 0 132 29 150 271 -122

13 1102 1049 53 30 304 315 -11

14 750 636 114 31 1222 1205 17

15 497 610 -113 32 395 405 -10

16 1083 1060 23 33 437 339 98

17 104 100 4 34 105 146 -40
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Neural Network is particularly effective for predicting events when the networks 

have a large dataset to draw on. However, it is a kind o f  "black-box'’ interpolation 

method, and makes several assumptions such as the hidden neurons and the activation 

functions. Although there are many different Neural Network architectures, their 

common denominator is that they consist of interconnected neurons. The neuron is the 

information-processing unit basic to all networks. The generally accepted model o f  a 

neuron consists o f  three fundamental components: ( 1) a set o f  synapses or connecting 

links, each o f  which connects an input to a synaptic weight. (2 ) an adder (summation) 

that sums weighted inputs, and (3) the activation function that maps the summed inputs 

to output (Kandel and Schwartz, 1985). By this model, the neuron receives inputs, 

multiplies each input by a synaptic weight, and sums these weighted inputs. This 

weighted sum is the input to an activation function which gives output.

Neural Networks differ by number of neurons, the ways that the neurons are 

connected, the form o f  the activation function, and the learning algorithm. Learning by a 

Neural Network consists o f adjusting synaptic weights o f  inputs in ways that improve 

network performance in terms o f  the network objective. A network is usually organized 

in layers, which shows a fully connected two-layer feed-forward Neural Network.

In Neural Network training and learning, the parameters should be adapted through 

a continuing process o f  stim ulation by the environment in which the network is 

embedded. The accuracy o f  learning is determined by the manner the parameters are 

optimized.
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From discussions presented earlier, it may be evident that no unique comprehensive 

criterion really exists to compare the accuracy o f  the numerical schemes, especially when 

more than one criterion needs to be compared. In this study, systematic and consistent 

criterions called sam ple standard deviation or root-mean-square error (RMS) and R2 

value are used for com parative analysis.

Assume that n is the number o f observations, and vv is an observation. If  all the 

observations o f a population (grid-points) are available, the population mean (m) is 

simply the arithmetic average calculated by dividing the sum of the values o f  all 

observations by the num ber o f  observations (Koch, 1970), that is

In order to measure the spread o f the observations, some calculation is required of 

how close on the average the observations are to the sample mean. One measure of 

variations might be obtained by subtracting the mean from each observation (bias), and 

the mean squared error (MSE ) can be obtained as:

To obtain the average measure o f variation, one divides the expression

(3-1)
n

MSE = ' £ ( wi -  /j ) 2 (3-2)

^ ( u ' ( - / / ) ‘ by the sam ple size n according to the formula

(3-3)
n
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where a 2 is the population variance. The square root o f  the variance a 2 is the standard 

deviation (a).

If, as is almost always the case, the set of observations is a sample rather than a 

population, the population mean (p.) is unknown, the sample value ("true" value) w0 is 

used instead. The variance is computed as:

, ,  ,na  = -------------------- (j-4 )

The standard deviation or RMS is expressed as

X k — ,0)2
cr =  , --------------------------  ( j o )

To provide a more complete picture o f  the model accuracy, R Square (R2) can be 

used as another criteria (Box G. E. P., 1978).

V  (w -  w  )2
- 1 ---------------------------------- (3-6)

,  . ■> Variance
LC w , - “ )■
/ = 1

where, w, is the corresponding predicted value for the observed value \v,. The MSE

(Mean Square Error) represents the departure of the model from the real simulation 

model, the variance captures how irregular the problem is. The larger the value o f  R 

Square, the more accurate the model.
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3.1 Analysis of Neural-Network Architectures

There are several types o f  Neural Networks. These networks are closely connected 

with a certain class o f  network topology, which can be categorized by the learning 

algorithms such as supervised and unsupervised learning (W ebsite 11. Sarle, 2001):

• Supervised learning: In the learning phase, an algorithm controls the

performances or the correct behavior o f  reinforcement learning. For example, 

real-time Recurrent Learning, Back-Propagation (BP). Perceptron, Adaptive 

Logic Network, Learning Vector Quantization, Probabilistic Neural Network. 

General Regression Neural Network, etc.

• Unsupervised learning: The net is automatically looks at the data input and finds 

out about some o f  the properties o f  the data set and then learns to reflect these 

properties o f  its data output. The properties depend on the particular network 

model and the learning mode. Usually, the net learns some compressed 

representation o f  the data. For example, Adaptive Grosssberg. Hopfield, 

Associative M emory, Kohonen Self-organizing Map, Learning Matrix, Driver- 

Reinforcement, etc.

Based on the network architecture, the Neural Network models can be categorized as:

• Multi-Layer Perceptron (MLP) Networks : one o f  the most popular and

successful Neural Network architectures. It contains a lot o f  identical units which 

are organized in layers. The outputs o f one layer are fed-forward as inputs to the 

next layer.

• Radial Basis Function (RBF) Networks: The RBF network is an alternative to the 

MLP. The difference is that RBF usually contains only one hidden layer with 

certain number o f  slabs (Each slab consist o f  one or more than one neurons). Like 

MLP, the hidden units also contain the "Radial Basis Function” — a statistical
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transformation based on a linear or non-linear distribution. A RBF network can be 

easier to train than a MLP network.

• Learning Vector Quantization (LVQ) Networks: Provides discrete rather than 

continuous outputs. They are typically used for classification problems.

• Recurrent Neural Networks: The outputs from the output layer are fed back to a 

set o f  input units.

• Self Organizing Maps (Kohonen Networks) : It is one kind o f  unsupervised 

learning. Kohonen networks have only a single layer o f  units and during training, 

clusters o f  units become associated with different classes based on the sample 

data.

Characterization o f  complex behavior requires bringing together several different 

kinds o f knowledge. Processing o f  complex information is not possible without a 

structure. The variety o f  Neural Network architectures provides many advantages 

compared to the use o f  a single Neural Network. For instance, it constrains the network 

connectivity o f  local computation in the network, increases the learning capacity o f NN, 

and can be applied to different kinds of problems.

In ore reserve estimation problems, the drill hole information provides an 

incomplete, imprecise and very noisy data set. The estimation goal is to obtain sensible 

estimates o f the ore reserves above a given cut-off grade by Neural-Network 

interpolation. Neural-Networks with various architectures provide a way o f obtaining 

correlations in complex systems. Therefore, the choice o f  a suitable architecture for ore 

reserve estimation is o f  paramount importance. Ore reserve estimation can be 

characterized as a prediction problem. The inputs, among others, could be the x 

coordinate values, the y coordinate values, the ore bed thickness, and so on. The output 

is the ore grade at a location.
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The sample data set used in this analysis consist o f 34 drill holes. The ore grade in 

these drill holes ranges from a low o f  0 mg/mJ to a high o f  1895 mg/mJ. The selected 

domain is regrided as 31x26 cells. After the network is trained on the sample data set, the 

ore grade at each grid cell is predicted.

It is important to note that choosing the right network architecture is not trivial. In 

theory, some o f the networks such as Learning Vector Quantization Networks, Recurrent 

Neural Networks, and Kohonen Networks are not suitable for predictive purposes. In this 

ore grade estimation problem, by design, the input slab (which can be more than one 

neurons) consists o f only two neurons (x and y coordinates), the output layer consists o f  

only the ore grade. Because the sample data set is relatively small, network architectures 

with only one hidden layer should be enough. For analyzing the prediction o f  the ore 

grades, a total o f  6 different architectures are examined:

(1) Back-Propagation Standard Network: each layer connected to only the previous layer

(2) Recurrent Network: with output dampened feedback

Reproduced with permission o fth e  copyright owner. Further reproduction prohibited w ithout permission.



- 54-

(3) BP-Ward Network: One hidden layer with multiple slabs

(4) Jump Network: each layer connected to every previous layer

(5) General regression Net (GRNN):

(6) Polynomial Net (GMDH):

Table 3-1 lists the structures o f th e  six selected architectures. All the architectures 

except the Recurrent-Network has an input layer with two neurons. In Recurrent-Network 

architecture, the output is feedback to the input. In hidden layer, the Back-Propagation- 

Ward-Net architecture has two slabs with four neurons; GRNN has 34 neurons; GMPH 

architecture has no hidden neurons; the other architectures has only one slab with 7
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Table 3-1: Structures o f  Various Architectures

neurons. In the output layer, all the architectures have only one slab with one neuron,

namely the ore grade.

architecture

neurons

output layerinput layer hidden layer

slabl 1 slabl 2 slab21 slab22 slab3

BP-Standard-net 2 none 7 none 1

Recurrent-net 2 2 7 none 1

BP-Ward-net 2 none 4 4 1

Jump-net 2 none 7 none 1

GRNN 2 none 34 none 1

GMPH 2 none none none 1

Table 3-2 shows the trained network results compared with the "true” sample 

values. Following are the training criteria used in each architecture:

• Pattern selection: Rotation

• Weight Updates: Momentum

• Training Fits: Best training

• Training stop criteria 1: Average error < 0.0005

• Training stop criteria 2 : Epochs since minimum average error > 20.000

To provide a better assessment o f the model accuracy, various measures such as the 

metrics deviation, the variance, the root mean square (RMS), and the training R-square 

values are used. From RMS and training R-square values in Table 3-3. it can be seen that 

the BP-Stand-Net, BP-Ward-Net, and Jump-Net are suitable for ore reserve estimation 

problems. Among these architectures, the BP-W ard-Net model has a relatively higher R- 

square value and lower RMS value, whereas the performance o f  Recurrent-Net, GRNN, 

and GMPH are very poor.
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Table 3-2: Comparison o f  “True Value” with NNs Trained Values

TRUE BP-Std-net Recurrent BP-Ward Jump-net GRNN GMPH

545 546 383 538 467 561 475

152 161 252 181 215 487 442

130 113 116 175 0 535 588

78 83 112 106 110 406 407

756 747 421 768 836 595 539

855 848 919 773 910 569 490

1895 1889 1202 1873 1655 490 448

556 566 649 529 677 559 596

117 234 174 44 82 465 437

159 226 219 190 198 405 403

36 15 126 0 0 580 552

132 137 209 198 457 556 511

1102 1100 1381 1064 1038 489 461

750 778 605 705 745 585 608

497 473 580 517 518 570 563

1083 1093 687 989 1118 460 450

104 110 160 162 411 537 523

123 81 262 157 46 475 474

248 260 109 116 0 599 615

1472 1452 890 1522 1456 435 409

466 486 512 479 507 561 577

529 605 21 576 565 510 532

648 539 601 412 722 455 465

0 34 104 0 66 466 487

391 277 418 601 65 447 439

196 23 595 134 360 545 589

196 311 396 57 384 468 396

1395 1387 663 1382 1237 496 540

150 443 473 325 306 459 483

304 536 488 445 349 466 499

1222 547 626 1197 1187 454 456

395 463 580 305 180 519 602

437 221 411 463 356 470 410

105 164 536 198 276 439 387
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Table 3-3: Deviations o f  Trained Values from "True" Values with Various NNs

architecture bias abs dev. squared dev. variance RMS Rsquared

BP-Standard-net 277 2611 548150 16611 129 0.95

Recurrent-net 1343 7405 3030113 91822 303 0.53

BP-V\fard-net 43 2197 255026 7728 88 0.98

Jump-net 278 3762 602501 18258 135 0.93

GRNN 110 12227 7539517 228470 478 0.24

GNPH 369 12446 7721180 233975 484 0.22

The GRNN is a normalized RBF network in which there is a hidden unit centered at 

every training case. This has led to 34 hidden neurons (the total number o f training 

samples) for the example problem discussed here. The hidden-to-output weights are just 

the target values, so the output is simply a weighted average o f the target values used in 

the training o f  the network close to the given input value. The only set o f weights that 

need to be learned are the sm ooth parameters by cross-validation method, and gradient 

descent method is not used. GRNN is an approximator for smooth functions with enough 

data. It is not a good estimator if  the input data are highly irrelevant.

GMPH can be viewed as a polynomial regression. Noisy sample data inputs leads to 

poor performance. From Table 3-2, it can be noted that the outputs are ranged between 

400 mg/m3 and 600 mg/m3.

Recurrent network is a contrast to feed-forward networks, where the outputs are 

connected to the inputs o f  units in subsequent layers. Neural Networks o f this kind are 

able to store information about time, and therefore they are particularly suitable for 

forecasting applications or feedback electronic signal processing with time series data.
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However, while recurrent Neural Networks have many desirable features, there are 

practical problems in developing effective training algorithms for them. The case study 

selected here is an example for which recurrent network is not suitable, the inputs and 

output are not identical. From Table 3-3, it can be seen that the R-square is only 0.53.

The BP-Standard-Net, BP-Ward-Net, and Jump-Net are M LP networks. The 

networks have multi-dimensional space o f  inputs to a given hidden unit. The set o f  all 

points in the space have a given value o f  the activation function. The multi-layer structure 

o f these networks makes it easy to be clustered and trained, even if  the input sample data 

are very noisy.

The models have the goodness o f  fit on prediction and can also be seen from the 

contour plots (Figure 3-1 to Figure 3-4) o f  the ore grade estim ation for the grid-cells. It 

can be observed that the BP-Standard-Net, BP-Ward-Net, and Jum p-N et architectures 

have the similar predictive contour outlines; while the contour from the Recurrent-Net 

architecture is out o f order.
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Figure 3-1: Ore Grade Contours Estimated by BP-Standard-Net
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Figure 3-2: Ore Grade Contours Estimated by BP-Ward-Net
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Figure 3-3: Ore Grade Contours Estimated by Jump-Net
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Figure 3-4: Ore Grade Contours Estimated by Recurrent-Net
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3.2 Selection of the Optimum Number of Hidden Layers

In most situations, there is no easy way to determine the best number o f  hidden units 

without training several networks and estimating the generalization error. The optimum 

number o f hidden layers and hidden units depend on:

• the complexity o f  network architecture,

• the number o f  input and output un its .

• the number o f  training samples,

• the degree o f the noise in the sample data set,

• the training algorithm, and

• the training criteria.

If  the number o f samples in the data set is too few or the data is not extremely noisy, 

a hidden layer is generally not needed. A linear or generalized linear model may be 

sufficient to obtain the estim ation accurately.

In MLPs, with only one hidden layer and one input, there seems to be no advantage 

to using more than one hidden layer. When there are, however, two or more inputs, the 

analysis is more complicated. The network may consist o f  a wide variety o f  continuous 

non-linear hidden-layer activation functions. There is no generally accepted theory to 

determine how many hidden units are needed to approximate any given function. More 

than one hidden layers can be useful in certain architectures such as in cascade 

correlation and in special applications.

Back-Propagation-Ward networks are most often used with a single hidden layer. If  

another linear hidden layer is added before the radial hidden layer, it will enable the 

network to ignore irrelevant inputs. The linear hidden layer allows the BP-W ard-Nets to 

take elliptical, rather than radial (circular) shapes in the input space. Hence the linear 

layer provides an elliptical basis function (EBF) network (M ak, 2000).
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In order to determine how many hidden layers is optimum for the selected ore grade 

estimation training, 30 cases with the data samples ranged from 34 to 436 are evaluated, 

but only four cases are presented here for discussion. In each evaluation, the training data 

set ranged from 34 to 436 samples.

Exam ple 1: As described in previous section, the sample data contains 34 drill holes, 

and the grade ranges from 0 mg/nr’ to 1895 mg/nr5. There are two inputs and one output. 

In this analysis, the BP-Standard-Net architecture is used for training. The following 

training criteria are used and the results are presented in Table 3-4.

• Pattern selection: Rotation

• Weight Updates: Momentum

• Training Fits: Best training

• Training stop criteria 1: Average error < 0.0005

• Training stop criteria 2: Epochs since minimum average error > 50.000

From Table 3-4, it can be observed that with zero-hidden-layer, convergence is 

obtained in a short time. The performance, however, is poor with a low R-squared value 

o f 0.33 and a high RMS value o f 423 mg/mJ. With three-hidden-layers. although the 

training time is as long as 15 minutes (three or four times longer than the others), the 

minimum average error is only 0.0081. whereas the R-squared value is as low as 0.24. 

and the RMS is as high as 487 mg/m3 . With one-hidden-layer or two-hidden-layers, the 

results are better, one-hidden-layer architecture is better than the two-hidden-layers. Even 

though the two-hidden-layers architecture takes longer time to converge, and has a very 

small minimum average error, its R-square is only 0.87. Its performance does not 

improve with further training.
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Table 3-4: Sensitive Analysis o f  Hidden Layers (Exam ple 1)

hidden layers train time epoch min. a\g. err. R-squared RMS

0 00:00:57 24,563 0.00042 0.33 423

1 00:03:54 48,463 0.00047 0.96 89

2 00:04:35 68,360 0.00017 0.87 142

3 00:15:47 140,451 0.00081 0.24 487

Example 2: With the exception o f the network architecture, the same input and output 

data and the similar training criteria as in example 1 are used. Here the BP-Ward-Net 

architecture is applied. The BP-W ard-Net usually uses only one hidden layer. It may, 

however, contain more than one hidden slab which might consists o f  more than one 

neurons. The architecture with only one hidden slab is the sam e as the BP-Standard-Net 

with one hidden layer.

t

One hidden slab Two hidden slabs Three hidden slabs
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Table 3-5: Sensitivity Analysis o f  Hidden Layers (Example 2)

hidden slabs hidden neurons train time epoch min. a\g. err. R-squared

1 7 00:03:54 48,463 0.00047 0.96

2 4 00:04:04 32,021 0.00049 0.97

3 2 00:06:27 60,982 0.00049 0.89

Table 3-5 shows that BP-W ard-Net architecture with two-hidden-slabs is the best for 

this example. The R-square value obtained with one-hidden-slab is sim ilar to that o f  the 

architecture with two-hidden-slabs. It takes, however, much more learning epochs 

because the slab has to handle more hidden neurons. BP-Ward-Net architecture with 

three-hidden-slabs takes longer tim e to converge and more epochs in the training process, 

the additional hidden deteriorates its performance.

Exam ple 3: The sample data contains 275 drill holes, the grade ranges from 0 mg/m3 to 

2500 mg/m3. The BP-Standard-Net architecture is used for training o f the network , and 

the same training criteria are applied except that the training stop criteria 2 is changed as: 

Number o f epochs since minimum average error greater than 200.000.

In this example, not all the cases meet the average error training criteria (error < 

0.0005 ), even after the number o f  epochs exceeded 50,000 since reaching the minimum 

average error, the training stops. From Table 3-6, it can be observed that both the 

architectures with zero-hidden-layer and three-hidden-layers perform very poorly, and 

fail to converge. The performance o f  the network with one-hidden-layer and two-hidden- 

layers are relatively better than the other two cases. One-hidden-layer architecture is 

considered not as good as the two-hidden-layers, since its R-square value is only 0.80.
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Table 3-6: Sensitivity Analysis o f Hidden Layers (Example 3)

hidden layers train time epoch min. avg. err. R-squared RMS

0 00:25:02 332,983 0.0024 0.27 523

1 00:49:23 628,192 0.0013 0.8 192

2 00:45:19 742,825 0.00089 0.89 137

3 00:54:36 1,602,293 0.0064 0.04 648

Example 4: The same input and output data and training criteria as in example 3. with 

the exception that a BP-W ard-Net architecture is applied to the data set.

Table 3-7 shows that the architectures with two-hidden-slabs and with three-hidden- 

slabs provide excellent results. The three-hidden-slabs appears relatively better than the 

two-hidden- slabs with a high R-squared value 0.9 and a shorter training time. The three- 

hidden-slabs has fewer hidden neurons in each slab, thus it is easier to train the network.

From the performance analysis o f the above examples, it can be noted that no more 

than two hidden layers is preferable . In case o f MLP architecture, only one or two hidden 

layers is optimum based on the number o f sample data and the degree o f  noise in the data 

set. For BP-Ward-Net architecture, however, two or three hidden slabs may be preferable.

For complicated target functions such as the case in ore reserve estimation, the data 

is extremely noisy and the output contours have several "hills" or "valleys'’, thus it would 

be useful to have a second hidden layer or slab. Each hidden unit in the second hidden 

layer or slab might enable the Neural Network to fit a separate “hill” or “valley”(Chester. 

1990). In such cases, the Neural Network with two hidden layers often yields a better and 

accurate approximation with fewer weights than that with one hidden layer.
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Table 3-7: Sensitivity Analysis o f  Hidden Layers (Example 4)

hidden slabs hidden neurons train time epoch min. avg. err. R-squared

1 18 00:49:23 628,192 0.0013 0.8

2 11 00:34:19 493,234 0.00096 0.87

3 7 00:26:40 330,905 0.00084 0.9

Unfortunately, the use o f  two or more hidden layers exacerbates the problem of local 

minima. Thus, it is important to use large num ber o f  random initializations or other 

methods available for global optimization. Local minima with more than two hidden 

layers can have extreme spikes even when the number of weights is much smaller than 

the number o f training cases. One o f the advantages o f  Back-Propagation is that it is so 

slow  that spikes and blades will not become very sharp for practical training times.

3.3 Analysis of Hidden Units

As in case o f  the number o f hidden layers, the best number o f  hidden units is 

difficult to determine. However, it does greatly influence the performance o f  training a 

network. If there are relatively too few hidden units, there will be high training error, 

large generalization error due to under-fitting and high statistical bias. If  there are too 

many hidden units, on the other hand, there might be low training error but still have 

large generalization error due to over-fitting and high variance. Several "rules o f  thumb" 

for choosing the hidden units have been suggested in the published literatures:

•  "A rule o f  thum b is for the size o f  this [hidden] layer to be somewhere between 

the input layer size ... and the output layer size ..." (Blum, 1992, pp. 60).
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• "To calculate the number o f  hidden nodes we use a general rule of: (Number o f 

inputs + outputs) * (2/3)" (from the FAQ for a commercial Neural Network 

software company).

• "Not required to have more than twice the number o f  hidden units as the number 

o f  inputs" in an MLP with one hidden layer (Swingler, 1996, pp. 53).

• "How large should the hidden layer be? One rule o f  thumb is that it should never 

be more than twice as large as the input layer." (Berry and Linoff, 1997, pp. 323).

• "Typically, specify as many hidden nodes as dimensions [principal components] 

needed to capture 70-90% o f the variance o f the input data set". (Boger and 

Guterman, 1997).

These rules o f  thumb can not be generalized because these rules are not always valid 

for all training cases. In selecting the number o f  hidden units, the network architecture, 

the degree o f  noise, the number o f  hidden layers, and the com plexity o f  the function have 

to be taken into account. As described in the FAQ for a Neural Network company 

(Website 12, Annon), even if  it is possible to minimize the training error and no noise, it 

is easy to construct counter-examples that would disprove these rules o f thumb. For 

example:

• There are n Boolean inputs and n Boolean targets. Each target is a conjunction o f 

some subset o f  inputs. Obviously, no hidden units are needed.

• There is one continuous input X that takes values between [0,100], There is one 

continuous target Y = sin(X). A good approximation to Y requires approximately 

20 to 25 Tanh hidden units. However, if  a Sine activation function is selected for 

the hidden units, only one hidden unit is sufficient.

Any analysis tool that uses data is at risk o f being too specific to that data. As a 

result, the predictions that are made using that case specific analysis will not be accurate 

for new examples. The analysis will not generalize to new examples. Neural Networks 

with their ability to leam from experience are able to improve their performance and to
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adapt their behavior to new and changing environments. They have the ability to cope 

well with incomplete or fuzzy data, and can deal with previously unspecified or un

encountered situations. This ability is termed as generalization.

As discussed above, the num ber o f  hidden units depends on several factors. For the 

purpose o f statistical analysis, many networks (Table 3-8) with different number o f  

hidden units are examined to estim ate the training and the generalization errors for each 

case. The network with the m inim um  estimated generalization error is selected. In the 

following examples, the network has two inputs and one output.

Table 3-9 shows the training performance o f  exam ple-1 based on various hidden 

units. A Back-Propagation Standard-Network with one hidden layer and the input data 

consisted o f  34 samples is used for the analysis.

From Figure 3-5 and Figure 3-6, it can be observed that an architecture with 10 

hidden units is the best. With less than 6 hidden units, the network performs very poorly 

with a high RM S. This is usually called '‘under-fitting". With more than 10 hidden units, 

the system performs very well being indicated by high training R-squared values and 

very low training RMS. These observations are specific to the example problem 

investigated.
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Table 3-8: Neural-Networks with Hidden Units Statistical Analysis

example samples architecture hidden layer (slab)

1 34 BP(Stand-net) 1

2 127 BP(Stand-net) 1

3 275 BP(Stand-net) 1

4 346 BP(Stand-net) 1

5 416 BP(Stand-net) 1

6 34 BP (Ward-net) 2

7 127 BP (Ward-net) 2

8 275 BP (Ward-net) 2

9 346 BP (Ward-net) 2

10 416 BP (Ward-net) 2

11 34 BP (Stand-net) 2

12 127 BP(Stand-net) 2

13 275 BP(Stand-net) 2

14 346 BP (Stand-net) 2

15 416 BP(Stand-net) 2

16 34 BP (Ward-net) 3

17 127 BP(Ward-net) 3

18 275 BP(Ward-net) 3

29 346 BP (Ward-net) 3

20 416 BP(Ward-net) 3

Note: There are five data sets w hich contain 34 , 127, 275, 346, and 416 drill hole sam ples. For case study, 

they are used for training under various architectures and various hidden layers (or slabs).
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Table 3-9: Training Performance Results (Exam ple 1)

hidden units Trainina R-sauared Trainina RMS Epochs min. avq. error
1 0.1033 441 23135 0.0078
2 0.2243 411 39412 0.0045
3 0.63 284 60106 0.0025
4 0.74 238 34067 0.002
5 0.86 173 65822 0.0016
6 0.91 137 132104 0.0002
7 0.96 91 48578 0.00018
8 0.969 82 34833 0.000177
9 0.975 73 28640 0.00014
10 0.985 57 36580 0.000118
11 0.982 62 41664 0.0001468
12 0.968 83 34713 0.0001952
13 0.9652 87 33461 0.0001691
14 0.975 73 32322 0.0001542
15 0.9668 85 23869 0.0001959
16 0.9693 82 28197 0.0001427
17 0.9677 84 29837 0.000179
18 0.9699 81 27223 0.0001722
19 0.9671 85 29837 0.0001788
20 0.9678 84 29837 0.0001757
21 0.9699 81 20581 0.00017
22 0.9687 82 29837 0.0001833
23 0.9726 77 20581 0.0001155
24 0.9704 80 29837 0.0001677
25 0.9673 84 29433 0.0001685
26 0.9698 81 27223 0.0001754
27 0.969 82 29837 0.0001823
28 0.9692 82 29837 0.0001889
29 0.9722 78 28197 0.0001785
30 0.9684 83 20581 0.0001934
31 0.9699 85 29433 0.0001826
32 0.9594 94 29515 0.0001899
33 0.9652 87 29433 0.0001978
34 0.9676 84 29837 0.000185
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To determine the optimum number o f hidden units, it is important to examine if  the 

network is "over-fitting” in generalization or interpolation. To illustrate this, the same 

sample data as in example 1 is used. The sample dom ain is divided into 31 x26 grid cells. 

The network estimated ore grades can be seen in Table 3-10. Figure 3-7 shows that a low 

RMS can be achieved if  the number of hidden units are kept between o f 8 and 10. With 

more than 10 hidden units, although it is possible to obtain a low RMS value during 

training as shown in Figure 3-6, it gives a relatively high prediction RMS.

Table 3-10: Predictive Performance o f Example 1 

hidden units predict R-squared Training RMS Epochs min. avg. error

2 0.12 442 64,513 0.005

4 0.37 384 52,978 0.003

6 0.84 261 60,231 0.0002

8 0.88 138 44,083 0.0002

10 0.89 140 52,102 0.0002

12 0.8 196 62,593 0.0002

14 0.72 243 74,913 0.0002

16 0.69 279 72,496 0.0002

18 0.75 263 64,291 0.0002

20 0.63 285 76,439 0.0002

0 2 4 6 8 10 12 14 16 18 20 22

Hidden Units

Figure 3-7: Hidden Units vs. Prediction RMS for Example 1
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Several more examples are examined for the purpose o f statistical analysis. Figure 

3-8 shows the training RMS and the prediction RMS (with 346 input samples, BP- 

Standard-Net. one-hidden-layer) with data set and conditions explained in exam ple 4.

10 20 30

Hidden Units

400

Figure 3-8: Hidden Units vs. Training and Prediction RMS for Example 4

Figure 3-9 shows the training RMS and the prediction RMS values for exam ple 12 

(with 127 input data samples, BP-Standard-Net, and two-hidden-layers).

Hidden Units

Figure 3-9: Hidden Units vs. Training and Prediction RMS for Example 12
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Figure 3-10 shows the training RMS and the prediction RMS for example 10 (with 

416 input data samples, BP-Ward-Net, and two-hidden-slabs).

Figure 3-10: Hidden Units vs. Training and Prediction RMS for Example 10

Figure 3-11 shows the training RMS and the prediction RMS for example 20 (with 

127 input data samples, BP-Ward-Net, and three-hidden-slabs) respectively.

Figure 3-11: Hidden Units vs. Training and Prediction RMS for Example 20
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It can be observed from the above figures that each case has the similar RM S trend. 

Each figure has a “valley point". If the num ber o f  hidden units is less than this point, it 

will suffer from “under-fitting” both in training and in generalization. If it is higher than 

the point, it will suffer from “over-fitting” in generalization, but it has no im pact on the 

pattern training. A very low RMS value can alw ays be obtained with a large num ber o f  

hidden units.

It is important to remember that with two or more inputs, an MLP with one hidden 

layer containing only a few units can fit only a lim ited number o f target functions. Even a 

simple situation may require several hidden units for a close approximation. Networks 

with a smaller number o f  hidden units often produce spurious ridges and valleys in the 

output contours.

BP-Ward-Net containing only a few hidden units also produces peculiar bumpy 

output functions. However, the “over-fitting” in generalization is not so significant as is 

seen with the BP-Standard networks, since each slab contains a small number o f  hidden 

units.

There seems to be no upper limit on the num ber o f  hidden units, other than that 

imposed by the computer time and memory requirements. However, there is no real 

advantage to use any more hidden units than the number o f units used in the training 

cases, since bad local minima do not occur with large number o f hidden units.

There is no theoretical basis available to indicate how fast the approximation error 

decreases as the number o f hidden units are increased. An approximate formula based on 

the test cases examined here will be used in future analysis.

In the above sections, only few selected RM S error plots from many cases exam ined 

here are presented. Table 3-11. however, lists the results o f  the analysis for the optimum 

number o f hidden units.
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Table 3-11: “O ptim um ” Number o f Hidden Units for Test Examples

example samples architecture hidden layer (slab) "best" hidden units
1 34 BP(Stand-net) 1 9
2 127 BP(Stand-net) 1 16
3 275 BP(Stand-net) 1 22
4 346 BP(Stand-net) 1 23
5 416 BP(Stand-net) 1 26

6 34 BP(Ward-net) 2 5
7 127 BP(Ward-net) 2 8
8 275 BP(Ward-net) 2 12
9 346 BP(Ward-net) 2 12

10 416 BP (Ward-net) 2 14

11 34 BP(Stand-net) 2 5
12 127 BP(Stand-net) 2 8
13 275 BP(Stand-net) 2 11
14 346 BP(Stand-net) 2 12
15 416 BP(Stand-net) 2 13
16 34 BP(Ward-net) 3 3
17 127 BP(Ward-net) 3 6
18 275 BP(Ward-net) 3 8
19 346 BP(Ward-net) 3 9
20 416 BP(Ward-net) 3 10

(1) BP-Standard-Net One-Hidden-Layer

NHU= T (inputs+outputs+layers)/2 + square root o f  input patterns ]

(2) BP-Standard-Net Two-Hidden-Layer

NHU= T [(inputs+outputs+layers)/2 + square root o f  input pattems]/2 1

(3) BP-Ward-Net Two-Hidden-Slabs

NHU= T [(inputs+outputs+layers)/2 + square root o f  input pattems]/2 "1

(4) BP-Ward-Net Three-Hidden-Slabs

NHU= T [(inputs+outputs+layers)/2 + square root o f  input pattems]/3 1
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In Neural-Networks, the node computes some function ( f ) o f  the weighted sum o f  

its inputs,

y,=f(Zw,y,y <3- 7>
i

The function ( f ) is the node’s activation function. Its output, in turn, can serve as 

input to other units. The activation function should be chosen carefully. In the simplest 

case, the function ( f ) is the identity function, and the node’s output is just its net input, 

or times a constant. This is called a linear unit. In the absence o f  non-linearity, the 

network does not have any hidden units, only the input and the output units. The reason 

is that a com position of linear functions is in turn a linear function. A non-linear 

activation function makes the Neural Network more powerful. The sigmoidal functions 

such as the Logistic, the Tanh and the Gaussian functions are the most common choices. 

A brief summary o f  the activation functions are presented below (W ebsite 8,2000, Carrol 

andRuppert, 1988).

• Linear activation function: the unit's output is identical to its activation level.

y > = ' H w9y j  (3-g)
/

• Linear threshold activation function: the unit’s output depends on how much 

the weighted sum o f inputs exceeds the threshold.

y i  =  1, i f  > 0 ,  0 <  0  <  1;

/

y i  =  0 , i f  ' £ w , Jy J <Q

3.4 Sensitivity Analysis of Activation Functions
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• Logistic (sigmoid) activation function: It serves to normalize a node's output 

response to a value between 0 and 1. The sigmoid function acts as an output gate 

that can be opened (1) or closed (0). Since the function is continuous, it also

Models incorporating sigmoid transfer functions often show good generalized 

learning characteristics and yield models with excellent accuracy. Use o f sigmoid 

transfer functions can also lead to longer training times.

• Gaussian activation function: The Gaussian function acts as a probabilistic 

output controller. Like the sigmoid function, the output response is normalized 

between 0 and 1, but the Gaussian activation function is more likely to produce 

the "in-between state” . It would be far less likely, for example, for the node's 

output gate to be fully opened (i.e. an output o f 1). Given a set of inputs to a node, 

the output will normally be some type o f  partial response (the output gate will 

open partially). Gaussian-based networks tend to learn quicker than sigmoid 

counterparts, but can be prone to memorization.

• Tanh activation function: The hyperbolic tangent function is a counterpart to the 

sigmoid transfer function. While the hyperbolic tangent is similar to the sigmoid, 

it can exhibit different learning dynamics during training, and accelerate learning 

for some models, but it may not achieve the same level o f  accuracy as sigmoid- 

based models in some cases.

possible for the gate to be partially opened (i.e. somewhere between 0 and 1).

(3-11)

e y‘ + e
(3-12)
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• Sine activation function: the hyperbolic sine function is similar to the Tanh 

activation function. Usually, it can accelerate learning for signal processing 

models, but it may not obtain accurate results for other models.

A y , ) = sin (y ,) (3-13)

If it is assumed that the network is trained and the data distribution is as shown in 

Figure 3-12, it would learn that a Tanh function is the best fit to the data. It can be argued 

that in the example above only a specific case is illustrated by picking a hidden unit 

activation function that could fit the data well (W ebsite 2, Annon). Alternative 

approaches must be examined in other situations such as the distribution o f  data shown in 

Figure 3-13.

Figure 3-12: Tanh Function Fitted for Sample Data
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Figure 3-13: Sam ple Data Distributions

It may be obvious that the Tanh function would not fit this data very well. A special 

activation function can be made up for each data set encountered, although this would 

defeat the purpose o f  learning to model the data. It is good to have a general, non-linear 

function approximation method w hich would fit any given data set, irrespective of the 

nature o f  its distribution.

One simple way to achieve this goal is to add more hidden units. In fact, a network 

with just two hidden units using the Tanh function can fit the data presented in Figure 3

13 very well. The fit can be further improved by adding more units to the hidden layer. 

However, as discussed in previous section, having too large a hidden layer or too many 

hidden layers can be detrimental because it degrades the network’s performance.

To examine the influence o f  activation functions on neurons, several simulation 

experiments are performed and the results are presented in the following sections. The 

purpose o f experimenting with activation functions for each individual model is to 

determine if  any o f  the activation functions will offer good learning and accuracy 

characteristics.
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3.4.1 Influence of Activation Function on Input Neurons

It is commonly believed that it is not necessary to apply activation on the input 

neurons, all is needed is to normalize the input data, and assign the initial weights. It is 

not true for most situations, especially for the networks with multi-dimensional inputs. In 

order to illustrate the influence o f  activation function on the result in the input neurons, 

an example by applying the Linear, the Logistic, the Tanh, and no activation function 

subsequently on the input neurons will be analyzed.

Figure 3-14 shows the R-squared values for various types o f activation functions on 

the input neurons under the BP-Ward-Net architecture.

1      ;

0.8 :. I■ c I

g In 0.6 ; ;

1 0.4 !

0.2 . .   i

0 — *-— ----------—      ;
linear logistic tanh none

activation function

F igure 3 -1 4 : R -squared for  V a r io u s A c tiv a tio n  F u n c tio n s  on  Input N eu ron s
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Figure 3-15 shows the RMS value for various types o f  activation functions on the input

neurons.
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F igure 3 -1 5: R M S  for  V a r io u s  A ctiv a tio n  F u n c tio n s  on  Input N eu ron s

Figure 3-16 shows the minimum average error for various types o f  activation 

functions on the input neurons.
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F igure 3 -1 6 : M in . A v g . E rror fo r  variou s a c tiva tion  fu n c t io n s  on  input neuron s
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It can be seen that from these figures, the absence o f an activation performed the 

worst, the Tanh and Linear activations performed the best in the group.

3.4.2 Influence of Activation Function on Hidden Neurons

Activation functions for the hidden units are needed to introduce the non-linearity 

into the network. Sigmoid activation functions are usually better than threshold activation 

functions. Networks with threshold units are difficult to train because the error function is 

stepwise constant, hence the gradient either is zero or does not exist, making it impossible 

to use Back-Propagation or the more efficient gradient-based training methods. Even for 

training methods that do not use gradients—such as the simulated annealing method and 

the genetic algorithms — the sigmoid units are easier to train than the threshold units. 

With sigmoid units, a  very small change in the weights produces a change in the outputs, 

which makes it possible to tell whether that change in the weights is preferable. On the 

other hand, with threshold units, a small change in the weights w ill often produce no 

change in the outputs. To analyze the influence o f  activation functions on hidden 

neurons, several activation functions ( Linear, Logistic, Tanh, Gaussian, and Sine ) are 

used. Figure 3-17 shows the R-squared values for various types o f activation functions on 

the hidden neurons.

1 -----------------------------------------------------------------------------------------------------------------------------------------------------------
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Figure 3-18 shows the RMS Values for various types o f  activation functions on the

hidden neurons.
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F igu re 3 -18 : R M S for V a r io u s  A c tiv a t io n  F unctions o n  H id d en  N eurons

Figure 3-19 shows the minimum average errors for various types o f  activation 

functions on the hidden neurons.

o
lij 0.003
0)at 0.0025
n 0.002
0)> 0.0015
<
c 0.001c
3 0.0005
E 0c
S

J Z L

£
&

&
Activation Function

F igure 3 -1 9 : M in . A v g . Error fo r  V a rio u s A ctiva tion  F u n ctio n s  on  H idden N eu ron s

Reproduced with permission o f the copyright owner. Further reproduction prohibited w ithout permission.



-87-

From the R-squared and RMS values it can be seen that sigmoidal activation 

functions perform much better than the Linear activation function, and the Tanh function 

is relatively the best.

3.4.3 Influence of Activation Function on Output Layer

Statisticians have studied certain natural associations between the output activation 

functions and various noise distributions in the context o f generalized linear models. The 

output activation function is the inverse o f  what statisticians term as the "link function". 

For the present analysis o f  hidden neurons, the Linear, the Logistic, the Tanh, the 

Gaussian, and the Sine activation functions are applied on the output neurons.

Figure 3-20 shows the R-squared values for various types o f activation functions on 

the output neurons.
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Figure 3-21 shows the RMS values as a result o f various types o f activation

functions on the output neurons
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F igu re 3 -2 1 :  R M S  for V arious A c t iv a t io n  F u n ctio n s  on O utput N eu ro n s

Figure 3-22 shows the minimum average errors values as a result of various 

activation functions on the output neurons.
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By introducing a hidden layer with one activation function and returning to an 

output activation function, the output contours resemble a landscape with hills and 

valleys. A netw ork with an output activation function can easily fit the hill by 

surrounding it with a few hidden units by one activation function, but there will be 

spurious ridges and valleys where the plane supposed to be flat. However, it will take 

several hidden units to flatten out the plane accurately. Figures 3-23 through Figure 3-26 

show the output contours for various output activation functions.

Figure 3-23 shows the ore grade contours with Linear activation function on the 

output neurons. The ore grade distribution is "simply linear distribution" in the north- 

south direction. Figure 3-24 shows the ore grade contours with Gaussion activation 

function on the output neurons. The contours in this case are distributed with a fair shape 

except for the spurious outlines. Figure 3-25 shows the ore grade contours with Tanh 

activation function on the output neurons, it represents a good ore grade distribution, but 

the "hill" o f  the contours is also spurious as in Gaussion case. Figure 3-26 shows the ore 

grade contours with Logistic activation function on the output neurons, the contours 

represent a  good ore grade distribution as smooth contour lines.

For the output units, it is important to choose an activation function that is best 

suited to the distribution o f the target values. Bounded activation functions such as the 

Logistic are particularly useful when the target values have a bounded range. If  a Logistic 

output activation function is applied as input to a Logistic function that goes to infinity, 

the output would approach zero. If the weights and bias for the output layer yield large 

values outside the base o f the hill, the Logistic function will flatten out the spurious 

ridges and valleys. So fitting o f the flat part o f  the target function is simple.

However, if  the target values have no known bounded range, it is advisable to use an 

unbounded activation function, most often the identity function (which amounts to no 

activation function). If  the target values are positive but have no known upper bound, 

one can use an exponential output activation function.
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Figure 3-23: Grade Contours for Linear Activation Functions on Output Neurons
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Figure 3-24: Grade Contours for Gaussian Activation Functions on Output Neurons

Reproduced with permission o f the copyright owner. Further reproduction prohibited w ithout permission.



- 9 2 -

Figure 3-25: Grade C ontours for Tanh Activation Functions on O utput Neurons
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Figure 3-26: Grade Contours for Logistic Activation Functions on Output Neurons
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In the training o f  a Neural Network, a very low learning rate will make the training

3.5 Sensitivity Analysis of Learning Rate

Based on the error function, the learning rate can be changed or fixed during the training 

process. Haykin (1994) suggested the following learning rate for quadratic error function:

where, q —  learning rate;

r)o — initial learning;

N —  total training epochs; 

n —  current training epoch;

Ci, C2 —  constants.

If the error function has numerous local and global optima, as it is typical in feed

forward networks with hidden units, the optimal learning rate often changes dramatically 

during the training process.

With batch training, however, there is no need to use a constant learning rate. This is 

due to vastly efficient and convenient batch training algorithms ( such as Quickprop and 

RPROP ) that can be used to train the network. With incremental training, it is much 

more difficult to use an algorithm that automatically adjusts the learning rate. Various 

approaches have been suggested in the literatures, but most o f them don't work in 

practice. The problems with some o f these approaches were illustrated by Darken and 

Moody (1992), who unfortunately did not offer a solution. Some promising results are, 

however, provided by LeCun, Denker, and Solla (1991), and by Linsker (1992).

very slow. I f  the rate is too high, it will make the weights and the error function diverge.

n = (3-14)
n c ,
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An attempt to train a NN using a constant learning rate is usually a tedious process. 

It requires a number o f  trials. In the following sensitivity analysis, various constant 

learning rates will be examined followed by an analysis with increasing learning rates.

High-accuracy on training data requires a large number of learning epochs. For 

example, to obtain 90 percent accuracy in the training with network architecture o f  one 

hidden layer, 2 inputs and 34 sample data, it has to run more than 2 million iterations and 

50,000 epochs. Therefore, it is important to find an "optim um'’ learning rate to make each 

iteration generating a smaller error which in turn would make the algorithm converge in 

less than millions o f  iterations.

In training, the stop criteria are set as:

S to p l: Average error < 0.0002

Stop2: Epochs since minimum average error > 20,000

From Figure 3-27 and Figure 3-28 it can be seen that training situations with 

learning rate (q = 0.15, 0.20, 0.25, 0.30, 0.35) only meet the second stop criteria. Other 

cases with learning rate less than 0.15 meet the first stop criteria. The training is too slow, 

and the training stops after the epochs reach a value o f  20,000 since the minimum 

average error. At a learning rate o f  more than 0.35. as the learning rate is increased, the 

minimum average error tends to be higher when it reaches the second stop criteria. It is 

quite possible that the training will be diverge for the high learning rate although the 

performance is still very good in this example (the R-squared value is more than 0.9 for 

each case).
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Learning Rate

Figure 3-27: Min. Ave. Error, as a Function o f  Learning Rate

0 0.2 0.4 0.6

Learning Rate

Figure 3-28: Epoch as a Function o f  Learning Rate
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Similar results can also be seen from Figure 3-29. The number o f  training epochs is 

very high for the "low” and for "high” learning rates. In the case o f learning rate as r| = 

0.05, the epochs goes up to 97,622. The reason for higher epochs is that the training is too 

slow, but it does not diverge, therefore, it needs large number o f  iterations for 

convergence. For learning rate as r\ = 0.5, the training epoch is 56,773, which is not so 

high compared to r\ = 0.05, but the minimum average error is as high as 0.000434. 

Improvement can not be made within the 20,000 epochs. The minimum error condition ( 

less than 0.0002 ) is never achieved in this case.

Figure 3-30 is a plot o f  the RMS value as a function o f the learning rate. Low and 

high learning rates result in a high RMS ( greater than 100 ) value. The accuracy is 

improved significantly when the learning rate is kept within the range between 0.15 and 

0.35. This is indicated by a low RMS value o f  80. From this analysis, the range of 

optimum learning rate appears to be between 0.2 and 0.3 for the problem defined here.

Learning Rate

Figure 3-29: R-squared Value as a Function o f  Learning Rate
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Learning Rate

Figure 3-30: RMS Value as a Function o f  Learning Rate

Weights in the network are updated after each pattern analysis, and all the nodes 

include a bias input which is part o f the optimization process. Overall error decreases as 

the training proceeds. To improve the performance o f  training, one can apply an 

increasing learning rate by slightly adjusting the initial learning rate during the training. 

From the above discussion it may be evident that for a good performance, the learning 

rate should be between 0.2 and 0.3. One o f the stop criteria is that the training stops after 

the epochs has reached 20,000. Therefore, the increase in learning rate can be calculated 

as (0.35-0.15)/20,000 = 0.0001. For the purpose o f  sensitivity analysis, several simulation 

experiments are conducted by setting the initial learning rate as (0.2+0.3)/2 = 0.25, and 

then increasing the learning rate incrementally by an amount o f ±0.00005.
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Increasing Learning Rate

Figure 3 -31: Min. Ave. Error as a Function o f  Increase Learning Rate

Figure 3-31 is a plot o f  the minimum average error as a function o f increasing 

learning rate. The stop criteria is set as: Average error < 0.0002; or allowing the training 

to run upto 20,000 epochs since achieving the minimum average error. It can be noted 

that the training stops under the First criteria when the increasing learning rate is greater 

than ( - 0.0 0002).

Figure 3-32 shows the RMS value as a function o f increasing learning rate. The 

RMS value is around 90 for increasing learning rate greater than -0.00002. With an 

increased learning rate less than -0.00002, the RMS value increases dramatically. For 

example, with an increasing learning rate o f -0.00005, the RMS value reaches as high as 

317 mg/m3.

Figure 3-33 is a plot o f total learning epochs for each incremental in learning rate. It 

can be observed from the figure that the learning epochs does not change with the 

increasing learning rate which varied from -0.000005 to 0.00001. With an increasing 

learning rate greater than 0.00001 or less than -0.000005, the learning epochs increase 

dramatically. Therefore, it can be concluded that the “optimal” learning rate is 0.25 for 

the problem analyzed here.
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Figure 3-32: RMS Value as a Function o f Increase Learning Rate
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Figure 3-33: Epoch as a Function o f  Increase Learning Rate
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3.6.1 Preprocessing and Normalizing the Data

The raw data needs to be preprocessed before they can be used as inputs to the 

Neural Network. Typically, the data set should be transformed before applying to the 

network. The purpose o f  a transformation is to increase the usefulness o f the information 

contained in the network that is being transformed. Typical transformations include 

calculating various ratios, smoothing the series by computing the moving averages, 

scaling, and normalization.

In ore grade estimation, typical inputs to the Neural Network are East(x), North(y), 

Grade, etc. For example, the x coordinate is at the range o f [1176300, 1178500], y 

coordinate is at [68500, 70200], grade is at [0, 3300] in the King Block. The x and y 

coordinate values are im portant to the Neural-Network training because the network 

information is based on the Euclidean distance. It may be observed that the x and y 

values are not at the same range, therefore, the range should be re-scaled. Before training, 

the East(x) and the North(y) are scaled to range between [6300, 8500] and [8500, 10200] 

respectively. Now the x and y values are in the same scale.

After preprocessing the raw data, the minimum and maximum values are computed 

for each variable. The inputs and outputs are defined and normalized into the range [0,1] 

before the training begins. The reason for doing this is that some inputs are not used for 

training, and the value o f the inputs that are to be used maybe in different range. If  there 

is a production set, it can specify minimum and maximum values that are slightly above 

and below the values in the data file to allow a wider range for future predictions.

The initial weight does not significantly affect the training performance. This is 

because thousands o f epochs are needed for the training, and the weights are updated 

after each epoch is completed. Furthermore, the weights for different network branches

3.6 Pattern Analysis
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vary according to the input and the objective output. For convenience, the initial weight 

is defined as 0.5 (between 0 and 1) in the training.

3.6.2 Input Pattern Clusters

In multi-layer Neural-Network architecture, the network usually consists o f  a 

number of subnets arranged in layers. Each subnet is intended to capture specific aspects 

o f  the input data. At the first layer, each subnet operates directly on a particular subset o f  

the input variables. W hile in the intermediate layers, each subnet receives its inputs from 

subnets o f the previous layer and sends its outputs to subnets in the next higher layer. 

Each subnet is expected to model and summarize its output the important characteristics 

o f  a  particular set o f  related input variables.

In some applications, input data can be characterized into easily observed groups. 

The difficult case would be where the number o f  clusters and the separation between the 

clusters are not visually obvious. A number o f  algorithm s for cluster construction are 

available, one o f  which is the “Euclidean distance” algorithm.

In a homogeneous multi-variable space, for the N-dimensional data points x and y, 

the Euclidean distance De is defined as below (Bruce, 1998).

Where a  is the standard deviation. The m easure o f similarity is appropriate for 

measuring the distance between points with homogeneous dimensions. Homogeneous in 

this context can be defined as each dimension having similar ranges and variances. The 

ranges and variances o f  different dimensions are normalized.

Intuitively, this Euclidean distance is a statistical measure that weighs the difference 

in a given dimension according to how significant that difference is based on the
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estimated variance o f  the data in that dimension. For a  heterogeneous data set whose data 

points are fully populated—data exists in every dim ension o f  every point—this definition 

o f  distance is reasonable.

Clustering m ay also be achieved through other strategies such as "iterative 

approaches”, "hierarchical approach”, and "M erging approach” . In this study, the cluster 

analysis will be done with a  simple approach by sorting the input data with different 

dimensions.

In ore grade estimation, the distribution o f  grade depends on the location. Therefore, 

the input data sorted by x or y coordinates might be helpful to the training because the 

neighbor samples may be in the same hidden slab, especially to the clustering and 

updating the weights. Figure 3-34 shows that when the data is sorted by x or sorted by y 

coordinate values results in a better performance. Sim ilar observation can be made when 

the data is sorted by id. This is due to the fact that the data set has almost the same order 

to that sorted by x coordinate except in 3 points.

30000 

25000M
g 20000
a
n  15000
C
E 10000

1  5000

0
water id thick grade x y 

input data sorted by

Figure 3-34: Learning Epochs with Sorted Input Data
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As the Euclidean distance between those vectors decreases and the weight vectors 

become more sim ilar to the input pattern, the respective unit is more likely to seize the 

configuration o f this input pattern. The consequence o f adapting not only the winner 

alone but also a num ber o f  units in the neighborhood o f the winner leads to a spatial 

clustering o f  similar input patterns in neighboring parts o f the domain.

3.6.3 Weight updates

Generally, a Neural Network consists o f  a set o f  nodes and a set o f  initial weights. 

The nodes are usually partitioned into different layers so that there can be weight 

connections between two nodes only if  they are from neighboring layers. Each node can 

have incoming w eight connections (from the previous layer) and outgoing weight 

connections (to the next layer). In addition, nodes can have a bias, or a threshold unit. 

During testing each node evaluates its summary input by adding up the outputs from the 

previous layer, multiplied by their respective weights to the given node. The node's bias 

is finally added to obtain a net input, which is then passed to an activation function that 

produces the activation value o f the given neuron (i.e., the node's output that gets 

propagated to the next layer). The introduction o f  an (typically non-linear) activation 

function is necessary to make the whole system capable o f  dealing with non-linear 

problems. After every node from a given layer has been evaluated, the nodes in the 

successive layers are evaluated until the final output nodes are reached. During training, 

the above step is followed by a backward error-propagation step where all weights and 

biases are adjusted according to the difference between the targeted and the actual output, 

and the extent to w hich each weight (or bias) contributes to the total error. For 

comparison purpose the results obtained by using Quickprop, Vanilla, and Momentum 

algorithms are presented here.
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Quickprop

One method to speed up the learning is to use information about the curvature o f  the 

error surface. This requires the computation o f  the second order derivatives o f the error 

function. Quickprop assumes the error surface to be locally quadratic and attempts to 

jump in one step from the current position directly into the minimum o f the parabola. 

Quickprop computes the derivatives in the direction o f  each weight. After computing the 

first gradient with regular backpropagation, a direct step to the error minimum is 

attempted. The actual weight change is calculated by:

A  (t + l)w  = — ^ — A ( 0  w  (3-15)
" S ( t ) - S ( t  + 1) "

where, wy -----  weight between units i and j

A (t+1) actual weight change

S (t+ 1 ) partial derivative o f  the error function by wy

S(t)  the last partial derivative

Vanilla algorithm

It is the m ost common learning algorithm. This algorithm is also called "online 

backpropagation” because it updates the weights after every training pattern. It is defined 

as follows:

Aw„ = rjSjO, (3- 16)

/ ; (nett )(/; - o ) ). i f  unit j  is an output unit 
f t (net ; ) ^  Sk ir/ t , i f unit j  is a hidden unit
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Momentum algorithm

It uses a momentum term and flat spot elimination. The new weight change is 

computed by:

A w tJ (t +  l) =  r j - S / o,  + a -  A w (/ ( / ) (3-17)

where, a  is a constant specifying the influence o f  the momentum.
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Vanilla Momentum Quickprop

Weight Update Algorithm

Figure 3-35: Learning Epochs for Various W eight Update Algorithms

It can be observed from Figure 3-35 that the momentum algorithm provides the 

best training performance. This is due to the fact that the momentum term introduces the 

old weight change as a parameter for the computation o f  the new weight change. This 

avoids oscillation problems common with the regular Back-propagation algorithm when 

the error surface has a very narrow minimum area.

The effect o f  these enhancements is that flat spots o f  the error surface are traversed 

relatively rapidly with a few big steps, while the step size is decreased as the surface gets
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rougher. This adaption o f  the step size increases learning speed significantly. It may be 

noted that the old weight change is lost every' time the parameters are modified, new 

patterns are loaded, and the network is modified.

TurboProp is a "batch training” mode. It adds all o f  the weight changes at the end o f 

an epoch and modifies the weights, and the step sizes are adaptively adjusted as learning 

progresses. It is simple to use because the user does not have to set learning rate and 

weight momentum. However, it is usually not easy to obtain the optimal results.

There is a precise relationship between momentum factor (b), weights (w) , and the 

learning rate (r) for two Back-Propagation Neural Networks (Georg, 1996). Two Neural 

Networks M and N o f identical topology whose activation function f(x), momentum 

factor b, learning rate r , and weights w are related to each other as given in table 3-12. 

The two networks are equivalent under the on-line Back-Propagation algorithm ; that is, 

when presented the same pattern set in the same order, their outputs are identical.

An increase o f  the mom entum factor with a factor b can therefore be compensated 

for by dividing the initial weights by b and the learning rate by tr.

Table 3-12: Relationship between Two Networks

Parameters Network M Network N

Activation function f1(x) = f2(bx) f2(x)

Momentum factor b1 = b b2 = 1

Leaminq rate r1 = r r2 = b*b*r

Wfeiqhts w l = w w2 = bw
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Chapter 4 Comparative Analysis

Geological variability in a ore body is inherent. The distribution o f  ore grade is 

determined by many factors in the com plicated geological process which leads to the 

deposition o f  the orebody. The reliability o f  ore reserve estimates increases progressively 

as information becomes incrementally available. In all mining activities, it is important to 

decide in what detail the variability must be known, so that a proper mathematical model 

can be selected for the reserve calculation.

The values o f geologic variable such as the grade o f an ore body can be measured at 

a number o f  sampling sites in which the mean and the variance o f the samples can be 

calculated. The total variance includes the local or the random variation o f  sampling, 

sample preparation and assaying.

Generally, there are at least four kinds o f  variability inherent in the ore reserve 

estimation models (Daniel, 1970):

CO =  q n +  +  £p  +  4a  +  So

where , co —  the variability in the ore reserve estimation; 

cn —  the natural variability; 

cs —  the variability in the sampling process;

£p —  the variability in the sample preparation;

Sa —  the variability in the analytical grade estimation process 

So —  the other variability.

The relative magnitudes o f  these components vary with the type o f  deposit. With 

trace elements, gold, uranium , tin, for example, the random component is relatively large, 

possibly even greater than the spatial component.
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In a designed experiment, it is not only difficult to separate the different sources o f 

variability, but also difficult to construct a mathematical model to reflect all these natural 

variabilities closely. The estimation o f  ore grade requires the assumptions o f spatial 

variation. However, most o f  the influencing factors leading to this variability are not 

known. In most cases, it is assumed that the ore grade is a function o f distance. In some 

models, such as the Kriging estimator, the nugget factor is taken into account. Other 

factors including geological structure, deposition environment, type o f deposit, type o f  

ore and degree o f  mineralization, however, are difficult to be integrated into a reserve 

estimation model.

Traditional geostatistical methods frequently provide good ore reserve estimates for 

many types o f  ore deposits. However, for many ore deposits the classical geostatistical 

methods are not adequate due to the number and complexity o f the computations 

involved, particularly in the early exploration stages. In fact, even at those properties 

where the geostatistical approach is employed for reserve estimation, the mining 

geologists prepare an estimate by assumptions. This provides an initial estimate for the 

reserves and at the same time requires a continuing close appraisal o f  the geologic 

problems that influence the currently known geostatistically estimated reserves and 

production at the mine.

The main difficulty in applying classical methods of interpolation to sampling points 

scattered in higher dimensional space has to do with the absence o f a natural ordering 

among the sampling points. Numerous interpolation schemes have been developed that 

require preprocessing and arranging o f  the data according to some mesh, network, or 

grid, which largely determines the properties o f  the resulting interpolating function. Such 

techniques include bilinear and bi-cubic interpolation, repeated application o f  Lagrange 

method, and many others (Stephen, 1981). Most o f  these techniques require constructing 

and maintaining complex data structures to handle sample point location and incidence 

information, thus are limited in their ability to handle continuity o f interpolation across
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the neighboring cells in the mesh, and do not extend easily to more general problems o f  

transfmite interpolation.

Artificial Neural Network is a non-linear estimator. When applied to ore reserve 

estimation problems, it makes weaker assumptions about the shapes of the ore grade 

distribution. This has been considered as one o f the m ain advantages compared to the 

traditional estimation approaches, which require some quite stringent assumptions on the 

data distribution, namely assumptions o f  the stationarity and the normality o f distribution. 

Unfortunately, such assumptions are rarely accurate. A lthough the family o f Kriging 

methods introduce the theory o f  regionalized variables to deal with the assumptions, the 

ways are complicated and the problem o f  uncertainty still exists.

Neural Network is able to learn from incomplete, imprecise and very noisy data 

sets. It is highly fault tolerant, and when properly trained, Neural Network models are 

capable o f  finding near-optimum solutions from limited and sub-quality information. 

This leads to the present investigation o f  the ability o f  Neural Networks as an estimation 

method o f ore reserve. Neural Network has many favorable characteristics, such as the 

variety o f  architectures, unraveling correlations in complex systems, the ability to fill up 

incomplete or missing information. Recent advances in Neural Networks, especially new 

insight into learning algorithms, have facilitated the development o f a decidedly different 

approach to the estimation o f  ore grade and subsequently the estimation of ore reserve.

In the following discussion, several commonly used estimation methods for the 

estimation o f  ore reserve are discussed. First, the discussion is confined to the theory and 

advantages o f  the experiment methods, followed by the comparative analysis. All 

experiment results based on the current techniques are from the same example discussed 

in Chapter 2.
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4.1 Inverse-Distance Method

Inverse distance method is a  simple technique to perform interpolation o f  scattered 

data. It is also called Shepard’s method because. Shepard (1968) first used the method 

for interpolation o f meteorological and geographical/geological data. A  neighborhood 

about the interpolated point is identified and a weighted average is taken o f  the observed 

values within this neighborhood. The weights are a decreasing function o f  the distance.

Interpolation Functions

The interpolating function is constructed as a linear combination o f  function's 

values Vj at points x with weight functions w* (Fisher, et al, 1987):

The weight function Wj (i = 1, .... n) are constructed by normalizing each inverse 

distance:

Where dj(x) is the Euclidean distance from point x to the node Xj. It is well known

0 < kj < 1, the interpolant is not differentiable at the i-th node; value o f  k, > 1 assures that 

the interpolant is differentiable (kj - 1) times at the i-th node, but it has a saddle point 

there.

n

(4-1)

d;'" (x)
(4-2)

that the exponents k, control the behavior o f  the interpolating function at the nodes: when
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Each weight function Wj is inversely proportional to the distance from the point x, 

where the value Zj is prescribed. This expression can be considered as a representation o f 

the function ( f ) in a basis formed by the functions w,(x). Therefore it is expected that the 

weight functions Wj, i = 1, ... .  n, should be positive continuous functions satisfying the 

interpolation condition Wj(Xj) = 5jj and forming a partition of unity, namely

i > , «  = l (4-3)

Radius of Influence

By Inverse-Distance method, the user not only has the control over the mathematical 

form o f the weighting function, but also has the ability to define the influence radius o f 

the neighborhood, which generally expressed as a radius or a number o f  points.

Estimation point •

Figure 4-1: Parameters for IDW

In Figure 4-1, the sample points are the actual measurements, the estim ation point is 

the point for which value is to be interpolated from the sample points, and the neighbors 

are the points which fall within the zone o f  influence
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The influence radius determines how many points are included in the inverse 

distance weighting. The neighborhood size can be specified in terms o f  its radius, the 

number o f  points, or a combination o f  the two. If  a radius is specified, the user can also 

specify an override in terms o f  a minimum and/or maximum number o f points. 

Invocation o f  the override option expands or contracts the circle if  needed. If  the user 

specifies the num ber o f  points, an override o f  a minimum and/or maximum radius can be 

included. It also is possible to specify an average radius based upon a specified number o f 

points.

Anisotropy Correction

In most instances, the observation points are not uniformly spaced about the 

interpolation points, with several in a particular direction and fewer in others. This 

situation produces a spatial bias o f  the estimate, as the clustered points carry an 

artificially large weight. The anisotropy corrector permits the weighted average to down- 

weight clustered points that are providing redundant information. This correction factor is 

defined by com puting the angle between every pair o f observation points in the 

neighborhood, relative to the observation point (Website 9, Spherekit Inc.). The user may 

select this option by setting the anisotropy factor to a positive value. A value o f 1 

produces its full effects, while a value o f  0 produces no correction.

One o f  the advantages o f Inverse-Distance method is that it interpolates the data 

using global functions without using any mesh or adjacency information between the 

given points. The range o f influence o f  the control points can be limited by weight 

functions which vanish outside a distance. The interpolation condition can be relaxed by 

adding a damping term to the weight function, or strict adherence to the local interpolant 

can be enforced within a distance around the control points.

The disadvantage is, however, that the transition between the range o f  influence o f 

the control points is rather uneven, and the selected size is dependent on experience. The
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weighted distance function is forced to have maximum or minimum number o f  data 

points within the circular zone o f  influence.

Figure 4-2 shows the ore grade estimated through Inverse-Distance weighted 

method, with the minimum data points o f  four and a maximum data points o f ten.

Figure 4-2: Ore Grade Estimated by Inverse-Distance Interpolation
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4.2 Triangular Weighted Method

Scattered data interpolation through a triangulation o f  the data points is a classic 

interpolation approach. This method consists o f  first dissecting the definition space into a 

set o f  triangles with given data points being the com ers o f  the triangles. Then, each o f  the 

triangles is interpolated independently.

There are several criteria for an "optimal" triangulation. One of which is called 

"Delaunay triangulation” based on a tessellation o f  the data set. It can be computed with a 

divide-and-conquer algorithm with complexity O(nlogn), where n is the number o f  data 

points.

The Delaunay triangulation method makes the interpolation process a local scheme 

by taking advantage o f  Triangular Irregular network (TIN) topology. The Delaunay point 

group is the "natural neighbors" o f the scatter point, and the perimeter o f the group is 

made up o f  the outer edges o f  the triangles that are connected to the scatter point as 

shown in Figure 4-3 (W ebsite 10, Environmental Modeling Systems, Inc.). The weight 

function varies from a weight o f  unity at the scatter point to zero at the perimeter o f  the 

group. For every interpolation point in the interior o f  a triangle there are three nonzero 

weight functions (the weight functions o f  the three vertices o f  the triangle).

Figure 4-3: Delauney Point Group for Point A
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For a triangle T with vertices i. j, & k, the weights for each vertex are determined as 
follows:

, 3b-b,bk f e ; + e ; - e -  e ; + e 1 - e ; }  /( 1N
wX x^y) = b ; { 3 - 2 b t ) + ----------------------- \ b   ;---+ bk ---------;------- > (4-4)
,l "  'V '' b f i ^ b ^ + b ^ )  ' el * e] j

Where, e, is the length o f  the edge opposite vertex i,

bj, bj, bk: are the area coordinates o f the point (x,y) with respect to triangle T.

Area coordinates are coordinates that describe the position o f  a point within the 

interior o f a triangle relative to the vertices o f  the triangle. The coordinates are based 

solely on the geometry o f  the triangle. Area coordinates are sometimes called 

"barycentric coordinates." The relative magnitude o f  the coordinates corresponds to area 

ratios as shown in Figure 4-4:

Figure 4-4: Barycentric Coordinates for a Point in Triangle

The X and Y coordinates o f  the interior point can be written in terms o f  the X and Y

coordinates o f the vertices using the area coordinates as follows:

x = bjXj + bjXj + bkxk 

y = bjy, + bjyj + bkyk 

bj + bj + bk = 1.0
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Solving the above equations for bj, bj, and bk yields:

b ' =  ^ X ' yk  ~ X k y <) + x(-y > ~ y 'k ) + -v ( x * “ x / >1

b> = ~ ^ ) + x(<y>k ~ y , ) + y x̂' ~ Xk ^

kx< -  xj y>) + x(y> -y,)+t(-y; - x. )] (4- 5)

where. A = + *,>-* + .v,_y, - y (x ; - J ,* *  “ T**,]

With this technique, the subset o f  points used for interpolation consists o f  the three

vertices o f  a triangle containing the interpolation point. The weight function or blending

function assigned to each scatter point is a cubic S-shaped function as shown in figure 4 

5. The slope o f the weight function tends to unity at its limits. This ensures that the slope 

o f  the interpolating surface is continuous across triangle boundaries. The influence o f  the 

weight function extends over the limits o f  the Delaunay point group of the scatter point.

1

0.8 

0.6 

® 0.4 
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0
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Figure 4-5: S-shaped Weight Function
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Using the weight functions defined above, the interpolating surface at points inside a 

triangle is computed as:

f i x ,  y )  = w, (x. y)z ,  (.t. y )  + \Vj (.t, y)z ,  (.v. y)  + wt (.r, y ) z k (.v, y)  (4-6)

where. Wj, wj,wk: the weight functions.

Zj, Zj, zk: = the nodal functions for the three vertices o f  the triangle.

The weight function discussed here is based on Delaunay triangulation algorithm. 

Other approach to provide local adaptation is to calculate the displacement experienced at 

a particular point as the weighted average o f the transformations specified by surrounding 

control points. The weighting function falls off with distance so that the transform is 

relatively constant near points where the displacement is fully specified. However, no 

matter which approach is used, a problem common to all triangulation based methods is 

that foldover can easily occur. The term "foldover" describes the occurrence o f 

overlapping interpolation. For example, several non-adjacent sample points are used to 

interpolate the same estimation point. With triangulation based methods, this happens if 

the orientation o f the com er points changes for any o f  the triangles (Gold. 1978).

The advantage o f Triangular weighted method is easy to understand and 

implemented. It uses the irregular triangular network rather than a grid mesh. Figure 4-6 

shows the ore grade estimated by using this method.
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Figure 4-6: Ore Grade Estimated by Triangular Interpolation
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4.3 Multi-quadric Method

A nother popular approach to scattered data interpolation is to construct the

interpolant as a linear combination o f  basis functions and then to determine the 

coefficients o f  the basis functions,

/ ( x) = 5 > , * K ( x )] (4-7)
i=i

where, R: Radial functions which depend only on the distance from the data point,

a * : coefficients.

d;: distance between point x and point i.

The coefficients a, are calculated by putting the sample data points into equation (4

7) and solving the resulting system o f linear equations. The differentiability o f  this 

interpolation method depends directly on the differentiability o f the basis functions R 

used. W ell-known radial basis functions are multiquadrics, originally proposed by Hardy 

(1990),

R(d)  = ( d 2 + r 2) ' "2 , r > 0, and p. * 0 (4-8)

The characteristic radius r >0 can be chosen arbitrarily by the user. For the exponent 

p, Hardy proposes p = I. The value o f  exponent p = -1 has also been used successfully. 

For r ^ O ,  the basis functions are infinitely differentiable, so the resulting interpolation is 

also in C*.

It m ust be noted that Hardy’s multiquadrics approach sometimes does not yield 

satisfactory results as it produces distortions even if all control points remain at their 

original positions and diverges quickly outside the control points. This behavior is caused 

by the non-linearity o f the basis functions. To improve its accuracy, a polynomial Pm(X) 

can be introduced to assure a certain degree ( m ) o f polynomial precision.

Reproduced with permission o fth e  copyright owner. Further reproduction prohibited w ithout permission.



- 121 -

n
f ( x )  = X  a,  R[d,  (.r)] + p m (x) (4-9)

The individual values r, can be used for computing each data point P„

Pi = f(r,) = f[dj(x)] (4-10)

This causes the interpolation to be softer when data points are widely spaced and stronger 

when they are closer together.

For the polynomial components o f degree ( m ), under most circumstances, an 

identical transform is sufficient. For example, if  all the components with m = 1 are 

selected, a linear transformation with coefficients computed by the least squares method 

to minimize errors for the known control points solves this problem

For radial basis functions, Hardy suggested p  = ±1. Under some circumstances, 

different value o f  p. can also be tried to get a better performance. Figure 4-7 shows the 

ore grade estimated with p = l.

In general, the deform ation introduced exactly by any individual model can be 

described. The advantage o f  multiquadrics method introduce the concept o f  the combined 

models with multiple deform ation functions. Its main purpose is to reflect all different 

deformation information, and its basis is the optimizing combining prediction theory. The 

deformation computed by the individual model, which is most suitable for the real crucial 

deformation, receives the biggest weight in the result o f  combined model (Ruprecht and 

Muller, 1995).

A disadvantage o f  multiquadrics method like all global interpolation methods is that 

all control points have to be taken into account for each estimation. Thus, the algorithmic 

complexity is O(n-N), where n is the number o f  control points and N the number o f  grids 

to be interpolated.

Reproduced with permission o f the copyright owner. Further reproduction prohibited w ithout permission.



-  1 2 2 -

The characteristic radius r >0 can be chosen arbitrarily. It determines the smoothness 

o f  interpolation at the given data points. For ore grade estimation, the selection o f  r  is 

critical for good results. Values too small lead to undesirable unevenness in the 

estimation, values too big, on the other hand, lead to foldover. With fixed values o f  r, 

both effects are likely to occur even within the same region. Thus, it appears necessary to 

choose individual values o f  r for each control point carefully.

Figure 4-7: Ore Grade Estimated by M ulti-quadric Interpolation
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4.4 Kriging Method

Provided that a series o f spatially distributed drill holes or samples are given, a ore 

grade estimator should be able to do the estimation for the average grade o f blocks 

between these drill holes. Kriging is a linear estimation method that develops optimal 

weights to be applied to each sample in the vicinity o f  the block being estimated. The 

goals o f Kriging are ambitious, it is based on the best linear unbiased estimation, which 

it tries to have the mean error equal to zero, and aims at minimizing the variance o f  the 

errors.

Un-biased Condition

Given the sample locations. V (xi). ..., V(xn), and one for the unknown value at the 

point attempting to estimate, V(xo). the unknown true value ( v ) can be estimated by 

using a weighted linear combination o f  the available samples vj (j = 1, . . . ,  n):

The error o f  any particular estimated value between the estimated value and the true 

value at the same location is given by:

n
(4-11)

n

(4-12)

By setting the expected value equal to 0, results:

n n

E{R(x0)} = £ { £  w,V{x, ) -  V( x0)} = E ( n Z  w, -  E(V)  = 0

n

(4-13)
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Error Variance Minimization

The error variance, c r 'r , o f a set o f  n estimates can be written as

07 = - Z ( V;m " O '
n , . i

(4-14)

where, vm is the mean o f  the sampling values.

Kriging Weight Equation

The Kriging weights are determined by the following equation (Joumel et al. 1978)

5 > 7Cw+ / /  = Ci0 V / = (4-15)
j= 1

Where, Cy —  the covariance

p. —  Lagrange Parameter

It can be written in matrix notation as

or

C • W — D

c \\ A cu f ’»;i ’ C\Q
MO M M M M

• —
<7,i A C\« 1 Wn Cn0

_1 A 1 0_ _M . \

(4-16)

Multiplying both sides by C '\ the weight matrix is obtained as:

W = C ‘ D (4-17)

The minimized error variance is
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(4-18)

After calculating the weights, and by using the equation (4-11), the unknown value can 

be estimated.

Spatial Continuity

To calculate the Kriging weights, the pattern o f  spatial continuity which is reflected 

by the covariance Cjj in the Kriging equation (4-16) must first be decided. For instance, to 

keep the model relatively simple, only the distance influence is considered and, the 

covariances can be calculated by the following covariance function

Where, Co , C | —  coefficient. Co is also commonly called the nugget effect.

which provides a discontinuity at the origin, 

a —  commonly called the range, which provides a distance beyond which 

the covariance value remains essentially constant, 

x — distance between the estimated location and the sample location.

In equation (4-18), the possibility o f  anisotropy is ignored, the covariance between 

the data values at any two locations will depend only on the distance between them and 

not on the direction. To examine the effect o f  the various parameters, it would, however, 

be necessary to construct a proper covariance function. Figure 4-8 shows the ore grade 

estimated by Kriging method.

C ( x ) =  C 0 +C,  i f  x = 0 

= C, e x p ( - - )  i f  x > 0
(4-18)

a
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Figure 4-8: Ore Reserve Estimated by Kriging Interpolation
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Advantages of Kriging Method

The possible redundancy between samples depends not simply on the distance 

between them but also on the spatial continuity. Therefore, Kriging uses a customized 

statistical distance rather than a geometric distance to de-cluster the available sample 

data. The use of a spatial continuity model that describes the statistical distance between 

points gives it considerable flexibility and an important ability to customize the 

estimation procedure to qualitative information. Kriging can also handle the adverse 

effects o f clustering.

Theoretically, Kriging is applied in stationary condition that is in the absence o f any 

drift. Drift is defined as a systematic change in the value o f  the variables in some 

direction (Davis, 1987). If the grade estimation approaches are limited to the class o f  

linear estimators and if the structural analysis is sufficient to infer correctly the 

underlying structural function (covariance or variogram), then, by definition. Kriging 

provides the best unbiased estimator. This property is irrefutable and is not shared by the 

other methods such as Polygon method, Inverse-Distance method, and Triangular 

method.

Limitation of Kriging Method

In Kriging method, the estimates are weighted linear combinations o f the 

available data. However, in practice, the true value is not a simple linear combination. On 

the other hand, the true value is not influenced only by the distance even if  Kriging uses a 

customized statistical distance rather than a geometric distance. A very important 

limitation o f  Kriging method is that it gives low prediction errors, for example, a kriged 

map is smooth and typically gives an optimistic estimate o f  the spatial continuity.
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Spline interpolation is based on the representation o f interpolated function by 

smooth piece-wise polynomials. It uses inverse interpolation to reach the data fitting goal 

depending on the accuracy o f  the forward interpolation operator. A theory o f  B-Spline 

interpolation was provided by Fomel (2000) as follows.

Forward Interpolation

Forward interpolation is one o f the classic problem s in numerical analysis and has 

been studied extensively. The two simplest and m ost widely used methods are the nearest 

neighbor interpolation and the linear interpolation. The general form o f a linear forward 

interpolation operator is

4.5 Spline Interpolation

where, f(x) —  the reconstructed continuous function. 

w(x,i) —  a linear weight,

n —  the sample points, x is a point in the continuum, 

x —  a point in the continuum.

Nearest-Neighbor and Linear Interpolation

The two simplest forms o f  the forward interpolation operators are the 1-point nearest 

neighbor interpolation with the weight

/I
(4-19)

w(x,i) = 1, for i -  '/’ < x < i + lA  

0, otherwise (4-20)

and the 2-points linear interpolation with the weight
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w(x,i) = 1- | x -  i |, for i -  1 < x <  i + 1 

0, otherwise (4-21)

Because o f  their simplicity, the nearest neighbor and linear interpolation methods are 

very practical and easy to apply. However, their accuracy is limited.

B-Splinc Interpolation

In B-Spline interpolation, a general approach for constructing the interpolant 

function w(x,i) in equation (4-19) is to select an appropriate function basis for 

representing the function f(x). The functional basis representation has the general form

Evaluating the function f(x) in equation (4-22) at an integer value t, the equation (4-22) 

can be written as:

The spline basis function P(x), evaluated at integer values, is digitally convolved 

with the vector o f  basis coefficients to produce the sampled values o f  the function f(.x). 

The inverse equation (4-23) is used to obtain the coefficients Cj from f(t) by inverse 

recursive de-convolution. Spline function P(x) can be defined by an explicit expression

where, Ctn+1 are the binomial coefficients. From formula (4-24), the most commonly 

used cubic B-Spline P3(x) has the expression:

(4-22)

(4-23)

(4-24)
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p3(x )=  (4 - 6x2 +  3x3 )/6 

( 2  -  x ) 3/ 6 . for 2 > x > 1

for 1 > x > 0

0, elsewhere

The corresponding discrete filter Pj(t) is a centered 3-point filter with coefficients 

1/6, 2/3, and 1/6. according to the traditional method, a deconvolution with this filter is 

performed as a tridiagonal m atrix inversion. One can accomplish it more efficiently by 

spectral factorization and recursive filtering. The order 1 and order 2 o f  function P(x) 

represents forward Nearest-neighbor interpolation and Linear interpolation respectively, 

which is presented in form ula (4-20) and (4-21). As the order increase, the B-Splines 

support the smoothness.

According to the convolutional basis idea, B-Spline interpolation becomes a  two- 

step procedure. The first step is the direct inversion o f  equation (4-23): the basis 

coefficients Cj are found by deconvolving the sampled function f(i) with the factorized 

filter P(i). The second step reconstructs the continuous sampled function f(x) according to 

formula (4-22).

It is important to realize the difference between B-Splines and the corresponding 

weight function w(x,i). An explicit computation o f  the weight function is impractical.

The main advantage o f  Spline interpolation is that it is an extremely valuable method 

whenever an accurate forward interpolation scheme is desired. It is not difficult the find a 

de-convolution to get the accuracy. On the other hand, the disadvantage exists, because it 

is sometimes difficult to pre-determine the desired scheme. Figure 4-9 shows the ore 

reserve estimation by the B-Spline method.
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Figure 4-9: Ore Grade Estimated by B-Spline Interpolation
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Since a detailed discussion on interpolation is presented in the previous chapters. 

Only a brief description is presented here for comparison purposes with other estim ation 

techniques.

A Neural-Network model can be used to perform nonlinear interpolations or 

extrapolations in order to predict the output variables for previously untested 

combinations o f  input variables. Neural Networks are powerful tools and have been used 

for various applications such as in com puter vision and image processing, including 

object recognition, clustering, interpolation, and optimization. However, usually a very 

careful design (input/output representation, number o f hidden layers and network 

architecture) o f  the networks is necessary, especially for compute applications dealing 

with highly dimensional input spaces and few limited training samples.

In the comparison analysis, the data set used in this application is the sam e as 

described in Chapter 2. It contains 34 drill hole samples extracted from the Herring Block 

in Nome gold deposit area. The BP-W ard-net architecture is selected for the training and 

prediction. The input layer contains four nodes (one for each o f  four input variables — x 

coordinate, y coordinate, water depth, sampling thickness); the hidden layer containing 6 

nodes; and the output layer consists o f  only one node, namely the gold grade. Figure 4

10 shows the estimation o f the gold grade obtained from the Neural N etw ork 

interpolation.

4.6 Neural-Network Interpolation
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Figure 4-10: Ore Grade Estimated by Neural-Network Interpolation
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Various approaches that can be used for ore reserve estimation are presented in the 

previous sections. Advantages and disadvantages o f each method are also discussed. In 

this section, a comparative analysis o f  the available estimation approaches will be 

presented in a comprehensive manner.

A common approach to evaluate the accuracy of a numerical method, adopted by 

earlier investigators, is to compare the numerical solution with the analytical solution at 

only a few spatial locations arbitrarily selected by the investigator. This criterion relies on 

the subjective selection o f the investigator and sometimes produces conflicting results 

because the criterion depends strongly on the grid-points selected. Therefore, it is 

sometimes quite impossible to give a clear and objective assessment o f  the numerical 

methods being compared.

A more systematic approach m ight be used, from which the maximum o f the 

absolute errors at all the grid-points is tabulated and used as a basis for comparison. This 

is, perhaps, more authentic than random selection o f grid-points for comparison purposes. 

An alternative approach is to calculate the summation o f errors or a sum o f  squared 

deviations across all grid-points. By using the measured criteria o f  RMS and R2 presented 

in Chapter 3, it is possible to assess the estim ation methods by comparing the predicted 

values with the actual values in the same blocks. This comparison o f the estimated values 

and actual values can be seen in Table 4-1 and illustrated in the form o f  a histogram plot 

in Figure 4-11.

4.7 Comparative Analysis of Solution Approaches
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Table 4-1 The Comparison o f “True Value” with Predicted Values

"true" inverse multiauadric spline triangular kriqinq neural-network

545 549 838 505 528 495 587
152 181 321 176 388 349 174

130 129 222 213 155 328 0
78 83 78 42 134 100 40

36 51 50 35 85 115 91
132 258 283 364 128 559 0

1102 1060 887 870 994 1102 1154
750 739 903 1047 969 774 898
497 544 725 740 497 546 433

1083 1061 710 783 886 700 865
104 575 429 422 408 323 388

123 137 236 151 329 483 331
248 257 423 412 375 294 285

1472 1443 1381 1493 1434 1104 1631
466 433 353 333 416 406 255
529 525 539 632 550 742 963
648 646 593 619 703 486 932

0 97 112 62 132 161 76

391 417 538 697 355 344 1377

196 116 85 30 108 243 79

196 253 518 619 661 439 110
1395 1137 815 900 633 1053 1536

150 152 238 355 213 294 54
304 475 554 541 594 580 522

1222 1240 959 1281 1065 637 1265

855 846 906 749 655 583 737

1895 1872 1512 1851 1479 1434 1587

556 569 689 854 596 885 528
117 118 156 116 300 268 63

159 342 340 353 354 371 369

395 380 304 253 352 349 394
437 447 652 714 524 391 218
105 121 192 74 130I 464 15
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Figure 4-11: Histogram o f True/Estimated Values for Various M ethods

Table 4-2: Deviations o f Estimated Values from "True” Values

Estimator bias absolue deviation squared deviation variance standard deviation

inverse distance 768 3842 996223 30189 174

multiquadric 1074 5623 1468835 44510 211

spline 1819 5333 1402112 42488 206

triangular 663 4893 1551401 47012 217

kriging 935 6580 2050664 62141 249

neural-network 1490 5310 1870737 56689 238

“true value"
inverse
multiquadric
spline
triangular
kriging
neural-network
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Drill hole ID
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The sum o f bias (positive and negative), absolute deviation, squared deviation, 

variance and standard deviation for all o f  the techniques discussed in the previous 

sections are listed in Table 4-2. The estimators described so far. have used the arithmetic 

mean o f the sample data as the estim ated value o f  the ore body, they all fail to give 

unbiased estimate o f  what tonnage lies above various cut-off-grades. From the bias and 

absolute deviation it can be seen Kriging method is a good estimator. It is not sensible, 

however, to say that the Kriging m ethod is the “best” estimate method or is the “worst” 

estimate method. The sample values are useless for this purpose as they are biased on 

core-size or smaller volume. Neither can they deal with the problem posed by ore bodies 

whose grades diminish toward their edges. If the spatial variation changes across the 

deposit, a condition o f  non-stationarity is said to arise and a single variogram model can 

not characterize the spatial variations in all parts o f the deposit. From table 4-2, it is 

apparent that the Kriging method is not particularly good at predicting in this case, the 

Inverse-Distance, Multi-quadratic, Spline, Triangular and Neural-Network methods 

perform better.

To illustrate the performance o f  the interpolation methods, multiple bar-charts are 

provided. The R2 indicates the average accuracy of a technique, while the RMS illustrates 

the robustness o f  the accuracy. A sm aller R2 value indicates better accuracy. For RMS, a 

smaller value always indicates higher robustness.

Figure 4-12 and Figure 4-13 show  that the average accuracies o f Inverse-Distance 

and Spline methods for the test cases are slightly better in the group. However, all the 

other methods are reasonably good (the lowest R2 value reaches 0.87). their R2 values are 

close to each other.

Neural Network method is slightly better than Kriging method. Multiquadric and 

triangular methods, however, have better R2 and RMS when compared to the Neural 

Network method.
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The above discussion presents the performance o f  full data set with 34 samples. To 

show the performance o f  the interpolation methods under different sample sizes, some 

samples are removed from the data set without changing the domain size. The following 

figures are presented to illustrate the performance o f  various interpolation methods with 

smaller data sets used (24 and 14 samples ).

300 
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«o 200

|  150 
100 
50 

0

Interpolation Method

Figure 4-12: RMS Interpolated by Different M ethods (for data set 1)
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Figure 4-13: R2 Interpolated by Different M ethods (for data set I)
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Figure 4-14 and Figure 4-15 show the average accuracies for various interpolation 

methods with a data set o f  24 samples. In this case, the multiquadric is the best and 

triangular method performs the worst among the methods. The Inverse-Distance and 

Spline methods for this test case are slightly better than the Kriging and the Neural 

Network method. In the group, the R2 values vary from 0.82 to 0.88, and the RMS value 

vary from 258 to 283 mg/m3.

Interpolation Method

Figure 4-14: RMS Interpolated by Different Methods (for data set 2)

Interpolation Method

Figure 4-15: R2 Interpolated by Different Methods (for data set 2)
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Figure 4-16 and Figure 4-17 show the average accuracies for various interpolation 

methods with a small data set o f  14 samples. With small data set and sparse samples 

distribution, performance o f  the Inverse-Distance and Triangular methods are the worst in 

the group. The Multiquadric method performs the best, and the Neural Network, Spline, 

and Kriging perform fairly. However, the overall performance decreases in this case, the 

R" values vary from 0.78 to 0.84, and the RMS values vary from 263 to 338 mg/m3.

Interpolation Method

Figure 4-16: RMS Interpolated by Different Methods (for data set 3)

Interpolation Method

Figure 4-17: R2 Interpolated by Different Methods (for data set 3)
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The interpolation results tend to be more noisy than that observed with larger size o f 

data sets. It is also noted that the sample size has impact on both the RMS and the R2 

value. The performance deteriorates when the sam ple size is sm aller and the sample 

distributions become scarcer.

Geostatistical m ethods provide some model transparency. Usually, a simple explicit 

function is constructed for its interpolation, however, some contributions o f  other factors 

are not clear. The influence o f  each input variable on the final output response can not be 

readily ascertained. In Neural Network, the multiplayer architecture allows the 

acceptance o f multi-variables as the input so that the influence o f factor contributions can 

be taken into account. O n the other hand, the Neural Network is a 'black box’ 

interpolation, some assum ptions for the training parameters are needed in the network.

Application o f  Triangular and Inverse-Distance interpolation methods in ore reserve 

estimation is relatively straightforward. Multiquadric, Spline and Kriging methods are 

more sophisticated in theory. For Neural Network method, internal parameters can be 

specified so that the network may improve or deteriorate its performance depending on 

the problem. The user has the capability to manipulate the optimization parameters used 

in the construction o f  the model, and there are a variety o f choices for activation 

functions used in the model. However, it is currently unclear which model is the best 

overall.

The quality o f  an estim ation method is determined by the consistency and reliability 

o f  the estimated values. It can be observed from Table 4-1 and Figure 4 -1 1 that all the 

estimation techniques for ore reserve estimation are generally good provided that the 

underlying assumptions are correct. Among the geo-statistical methods, Kriging method 

will generally produce the minimum variance estimate (based on the mean o f  the samples 

within the influence radius). However, this estimate is sensitive to departures from the 

actual spatial variation, and the influence radius is based on experience. The Neural-
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Netvvork provides an alternative to the traditional and geostatistical methods, with a 

whole region o f ‘'learning” and multi-dimension inputs.

Although it is difficult to conclude that the Neural-Network is better than the other 

estimators, it fits the "true” values very well. Estimations errors are computed on 

different basis, and therefore a direct comparison o f the estimation error would not be 

meaningful. However, the observed errors ( the deviations o f  estimates from the "true” 

values) provide an objective measure o f  the relative performance o f the techniques. From 

the estimated values shown in Table 4-1. and the deviations from the "true" values in 

Table 4-2. its performance in general becomes comparable. In case o f  Neural Network, 

the sum of absolute deviations (5310) and the standard deviations (238) are slightly lower 

than that o f the Kriging estimators (6580 and 249). The total bias, however, is a little 

higher (1490 vs. 935). From the interpolation figures presented in the previous sections, it 

can be seen that Neural-Network provides relatively aggressive estimates compared with 

the geostatistical estimators. Overall. Neural-Network is at least as good as the Kriging 

estimator in this example.

When valid spatial conditions are assumed and satisfied, relatively accurate 

estimated values can be expected from the geostatistical method. On the other hand, the 

significant advantages o f Neural-Network become apparent when these assumptions are 

not satisfied. For instance, in this exam ple, the influence o f  "water depth” and the 

‘‘sample thickness” are two variables whose effects are difficult to be considered in the 

traditional geostatistical methods. In ore reserve estimation o f  off-shore placer gold 

reserves, geostatistics are always problematic because o f the complex geology and 

dispositional environments.
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The grade and the volume o f  ore should be considered separately. Although the 

Neural Network results, shown in Figure 4-11, appear to have a fairly satisfactory 

representation o f the actual data, another accepted method o f assessing the quality o f  

results is through grade-tonnage calculation.

The amount of ore can be estimated either on volume or tonnage basis. Due to the 

conveniently available information on the deposit, tonnage basis is considered here. To 

evaluate the tonnage o f the ore. one must first obtain several measurements. The 

information can be made directly as drill-hole depths, chip-sample widths, trench lengths, 

etc., or may be made available indirectly on maps and sections by scales or by 

planimeter. With the measurements in hand, calculations are performed with the aid o f  

trigonometry and geometry. Volume can be converted into tonnage by simply 

multiplying the density. Occasionally, integration o f  the volumes of geometric figures 

developed by trend-surface analysis is used. M ost o f  the ore reserve problems are 

concerned not with point values but with average values over regions o f finite size. The 

estimated value is thus the integral over the volume o f the block with which all points

4.8 Comparison of Ore Tonnage

Supposed the total value o f  a regionalized variable z(x) over domain D is to be

With the regular grid o f  data, the volume can be estimated with an identical and 

symmetrical configuration o f data. For instance, the selected deposit in above example is 

re-grided by 806 preliminary square cells with the side dimension of 10 meters. The

covered.

estimated, where z(x) is the ore grade at location x within a deposit D, the total ore grade 

is estimated as:

(4-25)
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estimation can be viewed as the composition o f  the 806 estimations where the grade 

value o f  z(x) within each grid cell is estimated by its included datum.

For the problem considered here, the estimations for a small dom ain in Herring 

Block (as described before) have been com puted for several cut-off grades. The 

computed tonnage o f  ore and the mean value are shown in Table 4-3. The number o f  the 

grids with selected cut-off grade within the total 806 grid cells is listed in Table 4-4 and 

Table 4-5.

Figure 4-18 is a plot o f  total tonnage o f  gold versus cut-off grades for various 

estimation methods. The performance o f the results in estimating the grade value at 

lower cut-off grade is excellent. For instance, at cut-off grade o f 100 mg/mJ. all the 

methods predicted similar results with the minimum tonnage o f 196 kg for Triangular 

method and maximum o f  215 kg for the Spline method. With tonnage predicted as cut-off 

grade o f 200 mg/m3, the minimum tonnage is 187 kg, and the maximum o f 208 kg. The 

absolute bias is approximately 10 kg, which is 5 percent o f the predicted value.

Table 4-3: Total Tonnage o f Gold for Various Cut-off Grades

cut-off grade Tonnage of gold (kg)

(mg/cubic M) inverse m ultiquadric spline triangular kriging neural-network

100 204 207 215 196 202 203

200 192 198 208 187 196 196

300 181 183 199 170 183 188

400 167 169 188 152 156 173

500 148 150 176 134 124 162

600 134 127 163 113 96 149

800 113 92 132 78 65 128

1000 86 66 99 52 35 102

1200 55 37 73 32 16 75
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Table 4-4: Number o f  Grid Cells Above the Cut-off Grades

cut-off grade inverse m ultiquadric spline trian gu la r kriging neural-netw ork

(mg/cubic M)

100 729 751 646 758 795 609

200 558 641 546 637 719 524

300 469 517 476 505 618 453

400 388 437 413 401 464 367

500 305 349 359 321 320 318

600 253 267 312 244 215 273

800 192 167 221 143 126 212

1000 131

00 
I 

o

148 85 60 153

1200 74 56 100 47 24 104

Table 4-5: Number o f  Grid Cells within C ut-off Grades

cut-off grade inverse m ultiquadric spline triangu la r kriging neural-netw ork

(mg/cubic M)

0-100 77 55 160 48 11 197

100-200 171 110 100 121 76 85

200-300 89 124 70 132 101 71

300-400 81 80 63 104 154 86

400-500 83 88 54 80 144 49

500-600 52 82 47 77 105 45

600-800 61 100 91 101 89 61

800-1000 61 59 73 58 66 59

1000-1200 57 52 48 38 36 49

> 1200 74 56 100 47 24 104
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With higher cut-off grade above 500 mg/m3, the Neural-Network and Spline 

methods predicted a relatively over-estimated grade with the mean, whereas, the Kriging 

method produced consistently an under-estimation o f  grade. As shown in Figure 4-18, the 

Neural-Network over-estimates the tonnage (75 kg) for cut-off value 1200 mg/m3 above 

the mean (48 kg). It seems to over-predict for high grade values. The Neural Network 

produces results which, although not so close to the estimation as the Kriging method 

with large discrepancies at this cut-off grade, the results are considered satisfactory for 

the reasons below:

Tonnage of gold below cut-off grades

cut-off grade (mg/cubic m)

Figure 4-18: Tonnage o f  Gold at Cut-off Grades for Various Methods
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■ The Neural-Network includes more cells above 1200 mg/mJ than number o f cells 

predicted by Kriging. It generates fewer cells, however, with grades between 500 

and 1200 m g/nr5.

■  In the sample data, there are four high grade points with a value o f  1222 mg/mJ. 

1395 mg/m3 ,1472 mg/nv> , and 1895 mg/nr* respectively. These four high-valued 

points are located at different areas, and the value o f other sam ples around them is 

not *‘so high'’. Because the Neural-Network estimation is based on the "trend" 

generated with the location and the grade o f  the samples, the grade o f  estimated 

cells around the high-value cell might be also very high. W hereas Kriging method 

is based on the "weight” function for the points within the influence radius, as a 

result, the Kriging method might under-estimates the grade because only a few grid 

cells values are higher than 1200 mg/m3 around the high after it is weighted by 

other low-grade points.

■  The network itse lf assigns weights for the sample data. The prediction is not based 

on an individual sample, but rather based on the whole dom ain o f  the ore grade 

distribution. For instance, the sample at center o f  the domain has a grade value o f 

123 mg/m3, whereas all the grid cells surrounding it have grade values greater than 

800 mg/mJ. The Neural-Network leams that the value o f  an individual cell around 

the high sample points would contain high grade based on the geologic continuity 

and trend. The results indicate that the network trained in a fairly comprehensive 

way and generalize grade cells in the sampling region in a reasonable manner.

■  The bulk o f  sample points for which large discrepancies are found between the 

Neural-Network method and the Kriging method, correspond to the number o f 

samples in the whole area (34 points) with values between 0.0 and 1895 mg/m3. 

The relative accuracy at these cut-off grade levels can be seen from the estimated 

grade Figures presented in previous sections. It is hard to say that one method is 

better than the other. This lack of accuracy is due to the features o fth e  methods.
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With the exception o f  the tonnages and grades at very high cut-off grades, the 

overall performance o f  the Neural-Netvvork estimation is considered reasonable and can 

be observed in Figure 4-18.

It may be noted that geostatistics is less ambitious than Neural-Network approach, in 

that it does not seek to model the process, and limites to apply multi-assumptions o f 

spatial data distribution. Statisticians have so far done a lot o f w ork on processes defined 

over space attempting to define suitable models, however, such models are limited since 

it is difficult to construct a model to fit about the variance. Neural-Network method 

avoids this problem by treating the process as "learning" and “generalization" and 

modeling the variogram as inputs or hidden neurons.

Because o f the particular inherent problems such as significant correlation, multiple 

dimensions, and irregularly spaced data, it is not possible to adopt geostatiscal techniques 

which have proved successful elsewhere without modifications.

Geostatistical approaches to m ultiple influence factors and irregularly spaced data 

are problematic. The matter o f  dimensionality is more profound, as it addresses a 

fundamental property o f  space. The irregular spacing o f  data is concerned with the 

distinction between discrete and continuity. Even though it is possible to model a process 

as continuous, it is not possible to avoid the dimensionality problem.

Another significant difference between the geostatistics and the Neural-Network 

approaches lies in the estimation o f  unknown values. The “simple-regression” form o f the 

linear estimator is based on weighting function, it can not precisely reflect the actual ore 

grade distribution. This is the theoretical limitation for the geostatistical methods. The 

Neural-Network estimator, on the other hand, is more flexible, as it is based on the 

weights updated algorithm and the selection of motivation functions in each network 

level.

To say that Neural-Network method is better or worse than other traditional 

geostatistics approaches is an oversimplification. Geostatistics was designed to be applied
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for conditions without making unreasonable assumptions. Variography and Kriging are 

about the most sophisticated things that can routinely be done. Under the conditions 

presented with a large, regularly spaced data set in one dimension -  it is possible to go 

beyond structural analysis and prediction to produce an explicit model either by 

geostatistical or by Neural Network methods.
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Chapter 5 Estimation of Gold Reserve 
by Neural Network

5.1 Introduction of Nome District

5.1.1 Placer Gold in Nome

The Nome district is located on the south shore o f Seward Peninsula at about 

latitude 64°3(T north and longitude 165°30‘ west. It is 840 km west o f  Fairbanks and 860 

km northwest o f  Anchorage. (As shown in Figure 5-1)

The first discovery o f  placer gold in Nome dates back to 1898. Gold rush began in 

the following years. Gold and antimony have been produced from lode deposits in the 

district and tungsten concentrates have been produced from residual material above 

scheelite-bearing lodes near Nome. Other valuable metals, including iron, copper, 

bismuth, molybdenum, lead, and zinc, are also reported in the N om e district. (Cobb, 

1974).

Collier (1908), Hopkins and MacNeil et al (1960), among others, studied these 

deposits, recognized their origin, chronicled their exploration, and speculated on their 

chronology and the events in the complex regional glacial history that allowed their 

formation and preservation. Figure 5-2 shows the composites o f the off-shore placer gold 

deposit. Because o f  the extent and richness o f  the Nome gold resources, the area was 

studied extensively, and geological, geophysical, and geo-chemical characteristics of 

near-shore gold deposits were well documented in the published literature. Rusanowski 

(1994) presented an excellent summary o f the Nome Offshore placer project, and some of 

the relevant details on the Nome Offshore placer project from Rusanowski's work are 

reproduced here as a foundation for the present research.
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Figure 5-1: Location o f  Nome Area (from RusanowskL 1994)
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Shell Mining Company:

Shell Oil Company obtained the first offshore Prospecting Permit in the Nome area in 

1962 and conducted a seismic and magnetic survey o f  the permit area the same year. 

With control o f  about 22,000 acres and after extensive study, in 1963, a drilling program 

was conducted to sample the permit area. The program resulted in the com pletion o f  568 

drill holes in 1964.

U.S. Bureau of Mines and U.S. Geological survey:

In 1967 and 1968, the U.S. Geological Survey collected 700 bottom samples in the 

northern Bering Sea and sampled the beaches at Nome and other areas around Norton 

Sound. In addition, the U.S. Bureau o f  m ines drilled 51 holes offshore around Nome. 

This drilling work was too widespread to aid in economic evaluation.

Asarco, Incorporated:

Asarco, Incorporated took over the operation in 1968 and drilled 500 holes from the 

ice on the newly optioned leases west o f  N om e in early 1969. Asarco also carried out 

investigations including bottom photography, current and wave measurements, bulk 

sampling, pilot scale mining, environmental assessment, and a preliminary engineering 

design and cost estimate. However, the econom ics were not favorable based on the price 

o f  gold at that time ($35 per ounce).

Power Resources Corporation (now Nova Natural Resources Corp.)

In 1983, Power Resources Corporation contacted with the Asarco and completed a 

reserve study and title evaluation. Application was filed for mining permits and the 

property was purchased by Nova.

* from Nova Natural Resources Corporation, “N om e O ffshoreG oId Placer Project”, 1994.

5.1.2 The History of Offshore Exploration and Sampling*
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Inspiration Mines, Incorporated (WcstGold)

In 1985. the property was sold to Inspiration Mines Inc. (later WestGoId), but Nova 

retained the right o f  reassignment upon cessation o f  operations by WestGoId. WestGoId 

drilled 2500 holes and collected 57 bulk samples, and transformed the data from the 

Shell-Asarco drilling to form one database. W estGoId also carried out extensive high- 

resolution seismic surveys o f  the lease area. Side Scan sonar was used to map sediment 

types on the seafloor.

5.1.3 Problem of Gold Reserve Estimation

As described above. Shell Mining Company completed approximately 568 drill 

holes in 1964, and ASARCO drilled an additional 500 holes in 1969. The Shell- 

ASARCO drilling covered most o f  the shallower parts o f  the lease block and formed the 

basis for preliminary estimates. During the period from the winter o f  1987 through the 

summer o f 1989, WestGoId and its predecessor. Inspiration Gold, conducted 5 drilling 

programs and one bulk sampling program adding an additional. 2,500 drill holes and 57 

bulk samples. The 3.500 drill holes and 57 bulk samples are made available for this 

analysis.

The lease boundary, excluding the grounds previously dredged, is divided into two 

categories, '‘Proven"’ and "Probable” . Proven reserves are limited to areas where drill hole 

spacing does not exceed 70m x 70m, and probable reserves are generally defined by 

drilling on 100m x 200m grids. In addition to the proven-probable divisions, the lease 

area is divided into 9 blocks — COHO, HALIBUT, HERRING, HUMPY, KING, PINK, 

RED, SILVER, TOMCOD (shown in Figure 5-3 to Figure 5-12).

It is believed that significant demonstrated resources are presented there and can be 

mined economically. The mineral inventory is calculated for sediments w ithin 5 meters 

o f the sediment surface, at various cutoff grades. In order to plan any development, 

however, ore reserve estimation must be made in a systematic way. Based on the raw 

data, the gold reserve will be estimated by Neural-Network method in this study.
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Figure 5-6: Scatter Plot for Drill Holes in Herring Block

68000 

67500 

~  67000 

>  66500 

66000 

65500

3000 4000 5000 6000 7000 8000

X(m)

Figure 5-7: Scatter Plot for Drill Holes in Humpy Block
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Figure 5-11: Scatter Plot for Drill Holes in Silver Block
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5.2 Transforming and Preprocessing the Raw Data

The drill hole data preparation and analysis are important to the spatial interpolation 

process, even at this initial stage the accuracy and divergence o f the training have to be 

taken into consideration. Those using traditional geostatistical methods try to characterize 

the statistical distribution o f  the data using familiar measures such as variance, mean, 

while those using self-learning algorithms have either bypassed this step or divided the 

data set into different subsets. The order o f  different samples on the basis o f the analysis 

o f the frequency histograms and Euclidean distances has led the participants to different 

conclusions. A  few are applied a transformation to the data in order to remove the skewed 

aspect o f the statistical distribution o f  the data, while others make an attempt to split the 

data into different homogeneous sub-populations. In offshore placer gold deposit in 

Nome area, the steps for data preparation are as follows:

6500 7500 8500 9500 10500

X (m)
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The reserve estimation is based on the 9 fish blocks. Each block is divided into 25m 

x 25m grids for interpolation. I f  the number o f  grids o f  the block is too large to 

interpolate, it is sub-divided into smaller ones for interpolation individually, and then 

combined again for contour plotting. The information o f the blocks is listed in Table 5-1.

Step 2:

Removed the drill holes outside o f the reserve area and the variables that do not 

affect the estimation.

Step 3:

If the variables are saved in different worksheets, they are then copied into one 

Excel worksheet. For example, the combined spreadsheet for King Block is shown as 

Table 5-2.

Step 1:
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Table 5-1: Drill Holes and Grids Information for Each Block

Block # of Drill Holes # of arids SDlited Block (# of drills. # of arids)

Coho 143 5824

Halibut 323 11627 BLOCK1: (89, 3074) 

BLOCK2: (185, 5538) 

BLOCK3: (49. 3015)

Herrinq 415 3683

Humpy 212 10193 BLOCK1: (107, 5565) 

BLOCK2: (105, 4628)

King 275 7329

Pink 216 5293

Red 530 8809 BLOCK1: (231,4731) 

BLOCK1: (299, 4078)

Silver 415 12113 BLOCK1: (243, 6231) 

BLOCK2: (172, 5882)

Tomcod 450 21231 BLOCK1: (83, 6453) 

BLOCK2: (137, 5747) 

BLOCK3: (146, 4786) 

BLOCK4: (84, 4245)
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Table 5-2: Example o f  Drill Hole Data for King Block

DHID XSPM YSPM W D IBEGIN IEND METER DRIVE MGCM G T CUMMG CUMMG/CM
343 178042.4 1169828.5 2.7 -2.74 -3.87 1.13 1.13 216 244.08 244.08 216.00
343 178042.4 1169828.5 2.7 -3.87 -5.09 2.35 1.22 105 128.1 372.18 158.37
343 178042.4 1169828.5 2.7 -5.09 -6.31 3.57 1.22 105 128.1 500.28 140.13
343 178042.4 1169828.5 2.7 -6.31 -7.53 4.79 1.22 53 64.66 564.94 117.94
343 178042.4 1169828.5 2.7 -7.53 -9.97 7.22 2.44 0 0 564.94 78.25
343 178042.4 1169828.5 2.7 -9.97 -11.19 8.44 1.22 231 281.82 846.76 100.33
343 178042.4 1169828.5 2.7 -11.19 -12.41 9.66 1.22 105 128.1 974.86 100.92
343 178042.4 1169828.5 2.7 -12.41 -14.84 12.1 2.44 0 0 974.86 80.57
343 178042.4 1169828.5 2.7 -14.84 -16.06 13.32 1.22 32 39.04 1013.90 76.12
343 178042.4 1169828.5 2.7 -16.06 -17.28 14.54 1.22 0 0 1013.90 69.73
343 178042.4 1169828.5 2.7 -17.28 -18.5 15.76 1.22 0 0 1013.90 64.33
343 178042.4 1169828.5 2.7 -18.5 -19.51 16.76 1.01 344 347.44 1361.34 81.23
343 178042.4 1169828.5 2.7 -19.51 -19.54 16.79 0.03 0 0 1361.34 81.08
344 177894.1 1169414.3 6.7 -6.71 -7.62 0.91 0.91 270 245.7 245.70 270.00
344 177894.1 1169414.3 6.7 -7.62 -8.84 2.13 1.22 0 0 245.70 115.35
344 177894.1 1169414.3 6.7 -8.84 -12.5 5.79 3.66 17 62.22 307.92 53.18
344 177894.1 1169414.3 6.7 -12.5 -13.72 7.01 1.22 0 0 307.92 43.93
344 177894.1 1169414.3 6.7 -13.72 -14.94 8.23 1.22 20 24.4 332.32 40.38
344 177894.1 1169414.3 6.7 -14.94 -16.15 9.45 1.22 162 197.64 529.96 56.08
344 177894.1 1169414.3 6.7 -16.15 -17.37 10.67 1.22 71 86.62 616.58 57.79

Where.

DHID: Drill hole identification 

XSPM: X-coordinate, m 

YSPM: Y-coordinate, m 

W_D: Water depth, m 

IBEGIN: Sample interval begin, m 

IEND: Sample interval end, m

METER: the cumulate thickness of the sample intervals, m 

DRIVE: the thickness o f each sample interval, m 

MGCM: gold grade per meter in composite depth, mg/m3 

G_T: Total gravity in composite depth, mg/m2 

CUMMG: cumulate gold grade o f the sample intervals, mg/m2 

CUMMG/CM: average gold grade per meter in depth, mg/m3.

Reproduced with permission o fth e  copyright owner. Further reproduction prohibited w ithout permission.



- 164-

The optimized data sets only include: 5 meters depth at which the cut o ff  criteria is 

met, that means all drill holes are truncated under a sub-sea floor depth o f  5 meters. An 

example o f the truncated database for King Block is shown in Table 5-3.

Step 4:

Table 5-3: Samples o f  the Truncated Gold Reserve Database for King Block

DHID XSPM YSPM W D IBEGIN I END METER DRIVE MGCM G T CUMMG CUMMG/CM

343 1780424 1169828.5 27 -274 -3.87 1.13 1.13 216 244.08 244.08 216.00

343 1780424 1169828.5 27 -3.87 -5.09 235 1.22 105 128.10 37218 158.37

343 1780424 1169828.5 27 -5.09 -6.31 3.57 1.22 105 128.10 500.28 140.13

343 1780424 1169828.5 27 -6.31 -7.53 4.79 1.22 53 64.66 5 64.94 117.94

344 177894.1 1169414.3 6.7 -6.71 -7.62 0.91 0.91 270 245.70 245.70 270.00

344 177894.1 1169414.3 6.7 -7.62 -8.84 213 1.22 0 0.00 245.70 115.35

344 177894.1 1169414.3 6.7 -8.84 -125 5.79 3.66 17 6222 J 07.92 53.18

345 178055.6 1170100.3 1.5 -1.52 -10.42 8.9 8.9 0 0.00 506.30 0.00

345 178055.6 1170100.3 1.5 -10.42 -17.68 1.22 1.22 415 506.30 506.30 50.03

346 177983.7 1169845 16.5 -16.46 -20.12 3.66 244 484 590.48 590.48 484.00

346 177983.7 1169845 16.5 -17.68 -21.34 4.88 1.22 0 0.00 590.48 161.33

346 177983.7 1169845 16.5 -20.12 -2256 6.1 1.22 0 0.00 590.48 121.00

346 177983.7 1169845 16.5 -21.34 -8.69 1.98 1.98 736 897.92 1488.40 244.00

347 177809.8 1169441.3 6.7 -6.71 -9.91 3.2 1.22 3790 7504.20 7504.203 790.00

347 177809.8 1169441.3 6.7 -8.69 -11.13 4.42 1.22 213 259.86 7764.06 2 426.27

347 177809.8 1169441.3 6.7 -9.91 -3.66 0.91 0.91 101 123.22 7887.28 784.45

348 177925.1 1169861.5 27 -274 -4.88 213 1.22 336 305.76 305.76 336.00

348 177925.1 1169861.5 27 -3.66 -6.1 3.35 1.22 263 320.86 626.62 294.19

348 177925.1 1169861.5 2.7 -4.88 -7.32 4.57 1.22 0 0.00 626.62 187.05

Reproduced with permission of the copyright owner. Further reproduction prohibited w ithout permission.



- 165 -

Compute the average grade o f the composite. That means the database only keeps 

the row o f the deepest interval in step 3 with the same drill hole identification, the other 

rows with duplicated DHID are removed. Therefore, there is no duplicated DHID in the 

remaining database. Table 5-4 presents the example o f  the filtered database.

Step 5:

Table 5-4: Samples o f the Filtered Gold Reserve Database for King Block

DHID XSPM YSPM W D IBEGIN IEND METER DRIVE MGCM G T CUMMG CUMMG/CM
344 177894 1169414 6.7 -8.84 -12.5 5.79 3.66 17 62.22 307.92 53.18
345 178056 1170100 1.5 -10.42 -17.7 1.22 1.22 415 506.3 506.30 50.03
346 177984 1169845 16.5 -20.12 -22.6 6.1 1.22 0 0 590.48 121.00
347 177810 1169441 6.7 -8.69 -11.1 4.42 1.22 213 259.86 7764.06 2426.27
348 177925 1169862 2.7 -6.1 -6 2.65 2.65 0 0 626.62 137.12
349 177896 1169962 3.4 -3.35 -3.41 1.89 1.89 0 0 864.98 0.00
353 177933 1170113 1.5 -14.45 -4.21 0.55 0.55 0 0 11076.14 855.30
354 177830 1169759 3.7 -5.43 -5.49 1.22 1.22 0 0 90.28 16.63
355 177797 1169641 4.3 -5.49 -8.75 2.04 2.04 610 573.4 573.40 265.46
356 177731 1169407 6.7 -9.97 -8.44 2.04 2.04 0 0 6724.46 971.74
357 177700 1169479 6.4 -6.4 -5.91 3.78 3.78 333 679.32 679.32 333.00
358 177815 1170146 2.1 -2.13 -8.14 1.74 1.74 0 0 0.00 0.00

359 177639 1169521 6.4 -8.14 -10.6 4.18 1.22 203 247.66 9648.88 3259.76
360 177580 1169538 6.1 -6.92 -3.51 1.68 1.68 253 308.66 308.66 151.30
361 177698 1170179 1.8 -1.83 -8.44 2.35 2.35 0 0 0.00 000
362 177516 1169533 6.1 -8.44 -4.85 1.49 1.49 446 544.12 544.12 152.41

363 177600 1170045 3.4 -3.35 -4.91 1.25 1.25 0 0 0.00 0.00
364 177575 1169957 3.7 -4.91 -8.56 4.91 1.22 0 0 0.00 0.00
365 177470 1169607 5.8 -6.34 -9.97 4.18 1.22 41 98.81 98.81 33.38
366 177454 1169548 6.1 -10.03 -4.72 3.2 3.2 203 247.66 852.78 165.59
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In order to obtain an appropriate range o f data for normalization between [0, 1], the 

coordinate data XSPM and YSPM  are re-scaled. XSPM is subtracted by 170000, YSPM 

is subtracted by 1160000. A fter rescaling, the input data are sorted by XSPM and then 

again sorted by YSPM to win a  spatial clustering o f similar input patterns in neighboring 

pairs o f  the domain. The database is ready for Neural-Network training. The sample 

database is shown in Table 5-5. A complete data set for King block is presented in 

Appendix A.

Table 5-5: Sample Database for Neural-Network Training

Step 6:

DHID XSPM YSPM W D IBEGIN IEND METER DRIVE MGCM G T CUMMG CUMMG/CM
355 796.6 9641.3 4.3 -5.49 -8.75 2.04 2.04 610 573.4 573.40 265.46
366 7453.6 9547.9 6.1 -10.03 -4.72 3.2 3.2 203 247.66 852.78 165.59
365 7470.1 9606.5 5.8 -6.34 -9.97 4.18 1.22 41 98.81 98.81 33.38
362 7516.0 9533.4 6.1 -8.44 -4.85 1.49 1.49 446 544.12 544.12 152.41
364 7575.0 9957.0 3.7 -4.91 -8.56 4.91 1.22 0 0 0.00 0.00
360 7580.4 9537.5 6.1 -6.92 -3.51 1.68 1.68 253 308.66 308.66 151.30
363 7599.8 10045.0 3.4 -3.35 -4.91 1.25 1.25 0 0 0.00 0.00
359 7639.2 9520.9 6.4 -8.14 -10.6 4.18 1.22 203 247.66 9648.88 3259.76
361 7697.8 10178.9 1.8 -1.83 -8.44 2.35 2.35 0 0 0.00 0.00
357 7700.0 9478.5 6.4 -6.4 -5.91 3.78 3.78 333 679.32 679.32 333.00
356 7730.5 9406.5 6.7 -9.97 -8.44 2.04 2.04 0 0 6724.46 971.74
347 7809.8 9441.3 6.7 -8.69 -11.1 4.42 1.22 213 259.86 7764.06 2426.27
358 7815.1 10145.9 2.1 -2.13 -8.14 1.74 1.74 0 0 0.00 0.00
354 7829.6 9758.6 3.7 -5.43 -5.49 1.22 1.22 0 0 90.28 16.63
344 7894.1 9414.3 6.7 -8.84 -12.5 5.79 3.66 17 62.22 307.92 53.18
349 7896.2 9961.5 3.4 -3.35 -3.41 1.89 1.89 0 0 864.98 0.00
348 7925.1 9861.5 2.7 -6.1 -6 2.65 2.65 0 0 626.62 137.12
353 7932.5 10112.8 1.5 -14.45 -4.21 0.55 0.55 0 0 11076.14 855.30
346 7983.7 9845.0 16.5 -20.12 -22.6 6.1 .22 0 0 590.48 121.00
345 8055.6 10100.3 1.5 -10.42 -17.7 1.22 1.22 415 506.3 506.30 50.03
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The drill hole samples made available by Nova Gold were not obtained on a regular 

grid. The hole spacing is too large to apply geostatistics, thus only a probable reserve can 

be estimated. For example, in the Nome offshore placer gold reserve, the probable 

reserves are generally defined by drilling on 100m x 200m grids. The proven reserves are 

limited to areas where drill hole spacing does not exceed 70m x 70m. For placer gold 

grade estimation, such a drill hole spacing is too large. To estimate gold grade data at a 

closer interval, various techniques such as geostatistics should be used.

In this study, the Neural-Network method will be used to obtain the gold grade 

estimation for Nome offshore placer, and the tool NeuroShell2 ( NeuroShell2 U ser's 

Manual ) is used for this purpose. The NeuroShell2 is a commercial Neural Network 

package available for prediction. A brief description o f  the NeuroShell2 associated 

screens are presented in Appendix B. Because Neural-Network is regarded, in one 

respect, as a multivariate nonlinear analytical tool, it can be taught to recognize 

"patterns” of a large number o f  different variables, and is known to be very good at 

recognizing patterns from noisy, complex data, and estimating their nonlinear 

relationships.

Neural-Network Architecture

Back-propagation network (Stand-net, Ward-net. and Ju m p-net) has performed well 

in the ore reserve estimation discussed in the published literature. Because the gold 

reserve data is too noisy, it is usually necessary to have a second hidden layer or slab. 

Each hidden unit in the second hidden layer or slab might enable the net to fit a separate 

■"hill” or "valley”. It may be observed that the learning events increase exponentially as 

number o f hidden layer increases. Therefore, among the back-propagation network 

architectures, Ward-net is considered most powerful because it has only one hidden layer 

and could generalize better on noisy data. Determining the optimal number o f  layers and

5.3 Neural Network for Gold Grade Estimation in Nome Area

Reproduced with permission o fth e  copyright owner. Further reproduction prohibited w ithout permission.



-  1 6 8 -

hidden neurons require some trial and error. Because each block contains thousands o f  

grids and the size o f  the input data, two or three hidden slabs Ward-net architecture is 

chosen for the estimation. For smaller input data set. one or two hidden layers or slabs 

may be sufficient for this sort o f application. Table 5-6 shows the hidden slabs and 

hidden neurons used in the ore grade estimations for fish blocks in Nome offshore placer.

Table 5-6: Hidden Slabs and Neurons for Each Block

Block Hidden Slabs Hidden Neurons 1 Slab

Coho 3 30

Halibut: BLOCK1 2 32

BLOCK2 3 29

BLOCK3 2 32

Herrina 2 36

Humpy: BLOCK1 3 29

BLOCK2 3 27

Kina 3 33

Pink 3 29

Red: BLOCK1 2 39

BLOCK2 2 37

Silver: BLOCK1 3 31

BLOCK2 3 30

Tomcod: BLOCK1 3 31

BLOCK2 3 30

BLOCK3 3 28

BLOCK4 3 26

INPUTS AND OUTPUTS

It is generally accepted that Neural Networks can be presented with large amounts 

o f  data in many independent data streams and that the networks will determine what is
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important and ignore the rest (Looney. 1997). However, in this application, it is found 

that Neural Networks often perform poorly when given too many extraneous independent 

variables. In the ore reserve estimation, the x-coordinate, y-coordinate, water depth, and 

ore thickness are considered as important variables and were selected as training inputs. 

There is only one output neuron — the average ore grade. (Shown in Figure 5-13). For 

the ore reserve estimation problem. If  the data set is too large, the training will be very 

slow and may not converge. Therefore, three o f the fish blocks (Halibut, Humpy, and 

Tomcod) were sub-divided into smaller blocks, and the outputs are combined for final 

analysis.

Variable Type Selection input *

Variable Name DHI XSPM YSPM WATDEP IBEGIN IEND METE DRIV MGCM G_T CUMMG CUMMG/C>

Variable Type 

Min:

Mac 

Mean 

Std. Deviation
i

I I I  1 | | A 

344 6361.6 68561.88 1.5 -20.12 -22.56 8.55 0.5 0 0 0 0 

73008089.7 70468.88 16.5 -1.52 -2.71 8.17 6.55 5433 5493 24286 6071.5 

54387256.682 69494.35 8.293091 -11.0504 -12.875 4.588431.2155 1 24.327 131.09 1401.412348.5525 

2598423.7275 429.206 3.948203 4.224733 4.484971.184750.7827 459.223464.632668.816665.6362 ~

......................................................... .. ............. > r

Figure 5-13: Input/Output Definition for Training the N eural Network

Since all the inputs are not in the same range, these inputs need to be normalized in 

the interval o f [0, 1] where 1 representing the maximum value in  the data set.

Testing Set for Calibration

Calibration creates an entirely separate set of data patterns called the test set and 

can be used to evaluate how well the network is predicting. Calibration works differently 

depending upon the type o f Neural Network. It optimizes training by assuring that just 

the right amount o f  training is applied to the pattern file and no more. The right amount is
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defined as the am ount necessary to minimize the iteration mean o f the ‘"error factors" on 

the test set. There are many ways a representative test set can be chosen. One o f  the most 

popular method is simply to select a random extraction o f  the patterns from the pattern 

file. A training data set consisting o f  10% to 30% o f the available input data is considered 

sufficient.

Activation Function

Each layer produces outputs based on the sum o f  weighted values passed to them. 

The way they produce their outputs is by applying an activation function to the sum o f 

the weighted values. It maps the sum into the output value, and then fires on to the next 

layer.

In BP-Ward-net architecture, different activation functions can be applied to hidden 

layer slabs for detecting different features in a pattern o f  those are being processed 

through net. The Tanh activation function is applied to architectures with one hidden slab 

because it performs well in the hidden layer for continuous valued outputs. Gaussian 

function is applied to architectures with one hidden slabs to detect features in the mid

range of the data. Whereas Gaussian-complement activation function is applied in 

another hidden slab to detect features from the upper and the lower extremes o f the data. 

Thus, the output layer will get different value o f the data to obtain a better estimation. 

Some of the activation functions that are available in NeuroShell2 are presented in Figure 

5-14 to Figure 5-18.
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Figure 5-14: Linear Activation Function

Figure 5-15: Logic Activation Function
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Figure 5-16: Gaussian Activation Function
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Figure 5-17: Gaussian Complement Activation Function

Figure 5-18: Tahn Activation Function
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Learning Rate

Determination o f  a constant learning rate for a Neural-Network is a tedious process 

and generally obtained by trial and error. For the purpose o f  this analysis, a learning rate 

o f  0.25 is selected.

Weight Updates

The “Momentum" method is used for the weight updates. The weight updates not 

only include the change dictated by the learning rate, but also include a portion o f the last 

w eight change as well. A high momentum term will keep the network generally going in 

the direction it has been going. Weight fluctuations will tend to be dampened by a high 

momentum term. For extremely noisy data, high mom entum is applied. In the gold 

reserve estimations, the momentum is set to a value o f 0 .8 .

Training Stop Criteria

To stop training, following four criteria that can be used for the training set or the 

test set as. If more than one is selected, the network will stop training as soon as any one 

o f  the criteria is reached.

1. Average error below a predefined level.

2. Epochs since minimum average error exceed a specified number.

3. Largest error below a predefined level.

4. Learning epochs exceed a predefined number.

In order to avoid “over-training,\  a systematic testing o f  varying epochs is applied 

to compare the predicted results for both training and test data. In the present application, 

the network improves its performance initially for both training and testing data (both 

errors dropped significantly). As epochs increases, the prediction of the training 

performance continued to improve. However, the overall performance of the predicted
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output deteriorates. The stop criteria for the Neural Network used in the ore grade 

estimation is set as:

S top l: Average error < 0.0002

Stop2: Epochs since minimum average error > 200,000

Training the Model

During the training process, the goodness o f fit between the actual target output and 

the network predicted value is measured. It is recognized that the training is an iterative 

process incorporating both the training set and the test set. The neural net uses the 

training data set to learn the relationships between the input variables and the output 

variable. The goodness o f fit is measured by running the model against both the training 

set and the test set. This information is used to modify the model and repeat the training 

process until an acceptable model is identified.

The goodness o f  fit can be judged from several different perspectives. Depending on 

the architecture, a model may provide the minimum average error or in some cases the 

model provides the most conservative worst error. Which one is best can only be 

determined later by testing the performance resulted from the model. To begin with, the 

Neural Network development system is instructed to minimize mean square error, and 

stop training after either the error in the training set is minimum or the error in the test set 

has reached a stop criteria, and then adjust other learning parameters in the network 

training.

Training Output

After the training, the output is saved in a separate (.out) file. It can also be applied to 

the processing file, combining an output file with the input training database into one 

spreadsheet. Figure 5-19 shows the sample o f training output file. Where, the ‘Actual’ is 

the actual training input, the ‘Network’ is the output by the Neural Network training, and
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the 'Act-Net’ is the difference between the actual training input and the Neural Network 

training output. A com plete listing o f  output from the training is provided in Appendix C.

A B c -
1 Actualf 1 ] Network(l) Act-Net(l) _
2 53.181350708008 0.000000000000 53.181350708008
3 50.029640197754 119.554756164551 -69.525115966797
4 121.000000000000 108.651985168457 12.348014831543
5 2426.269042968750 2215.496826171875 210.772216796875
6 137.115997314453 230:192276000977 -93.076278686523
7 0.000000000000 0.000000000000 0.000000000000
8 855.300415039063 813.494201660156 41.806213378906
9 16.626150131226 91.631355285645 -75.005205154419

10 265.463012695313 307.367614746094 -41.904602050781
11 971.742675781250 840.169067382813 131.573608398438
12 333.000000000000 255.520812988281 77.479187011719 ;
13 0.000000000000 30.218122482300 -30.218122482300
14 3259.757080078125 3220.888671875000 38.868408203125
15 151.303894042969 129.213928222656 22.089965820313
16 0.000000000000 30.316396713257 -30.316396713257
17 152.414596557617 176.026733398438 -23.612136840820

<1 1 ■
... . > f -

Figure 5-19: Sample o f  Neural Network Training Output

5.4 Calculation of Mineral Inventory

The raw data from N ova Natural Resources Corporation within the lease boundary, 

excluding grounds previously dredged, buried under tailings, or within a one-m ile radius 

o f  an anadromous Salmon River Mouth, are divided into two categories, “ Proven"’ and 

“Probable”. Proven reserves are limited to areas where drill hole spacing does not exceed 

70m x 70m, and the probable reserves are generally defined by drilling on 100m x 200m 

grids. However, in this study, only the total reserve is calculated for each block.
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The maximum mineral inventory was calculated for sediments within 5 meters o f 

the sediment surface, at cutoff grades o f  300, 400 and 500 milligrams per cubic meter. 

Calculation o f the gold reserve included the following steps:

Step 1:

The scattered drill hole data from each theoretical (fish) block system is transformed 

into a grid-data base system. Each grid has a dimension o f 25m x 25m.

Step 2:

All the data grids outside the theoretical (fish) block are removed.

Step 3:

The intervals for the grids are converted from a sea-level reference with variable 

depths to uniform down hole sample intervals o f  one meter referenced to the sea-floor 

(use composite grade). This arbitrary division o f  the gold distribution does not impact the 

ultimate calculation o f  gold grades and reserves, because most o f  the gold value is in the 

upper 1-2 m o f the sea-floor.

Step 4:

For each grid, the sub-sea floor was truncated at a depth o f  5 meters.

Step 5:

All the interpolated grids were examined and the grade values less than the cut-off 

grade were neglected in the ore reserve calculation. Any grid having less than the cut-off 

grade was assigned a ‘'zero” value for the purpose o f calculating the average grade o f the 

area.
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Step 6 :

The final calculation o f  volume and grade for each reserve category involved 

calculation o f  the total volume (cubic meters) within the defined areas by relating the 

grids to the ore body model. The process is outlined below.

The entire area where the reserves were to be calculated was divided into a 

patchwork o f  small grids conforming to the boundaries o f  the leases. The amount o f  gold 

( AOG ) in each grid cell is calculated as:

AOG = 25(m) x 25(m) x thickness (m) x grade

The total amount o f gold calculated for each fish block for a given cut-off grade is shown 

in Table 5-7.

Table 5-7: Amount o f Gold in Each Block for Equivalent Thickness (per meter)

Block reserve volume o f blocks fa) sea-floor down 1M

300cut-off 400-cutoff 500-cutoff 600-cutoff 700cut-off

coho 75392.34 69201.43 60439.82 34926.91 29392.39

halibut 687234.9 576762.4 498160.2 423393.1 349988.5

herrinq 473898.5 425781.9 389181.0 359787.2 330373.1

humov 1398575.5 1319965.0 1248037.9 1172252.1 1097041.0

kinq 619852.9 568400.7 521093.5 485441.7 442041.8

Dink 111237.9 77325.8 48125.3 28217.8 24123.2

red 1024516.6 917864.2 821738.4 750230.4 698807.4

silver 991183.9 834452.4 728923.7 630780.6 553335.6

tomcod 926457.5 739465.9 632256.0 551949.6 493523.8

sum 6232957.7 5460018.2 4887515.9 4402052.5 3989234.3
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After the model successfully learns the training set and predicts the production set, 

the results must be validated. The key point in this step is to compare the goodness o f  fit 

that results for training, testing and production data sets.

In order to validate the results, the three data sets must be examined independently. 

If  a functional relationship am ong the independent and dependent variables exists, the 

three sets will be similar in correlation and in scatter plot. With very noisy data, the 

training set is expected to have the best fit, testing set the next best, and production set 

the worst.

The following methods can be used forjudging the goodness o f  fit.

(1) Comparison o f  the Root-Mean-Square errors (RM S) and R2 reported by the 

program as it processes the data sets.

(2) Comparison o f  the contour maps between raw data set and prediction data set.

(3 ) Creating a scatter plot for each data set. By plotting the Neural Network 

prediction along the horizontal axis and the associated target value along the 

vertical axis Perfect learning (a perfect fit) will be indicated by all the points 

falling on a line running from lower left to upper right, while no learning ( a 

random fit ) will be indicated by the points being distributed in a circular cloud. 

The more likely result is partial learning, which will be indicated by a well 

formed ellipse.

5.5 Validation of the Model
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The coefficient o f  multiple determinations, R2. is a statistical indicator usually 

applied to multiple regression analysis. It compares the accuracy o f the model to the 

accuracy o f a trivial benchm ark model wherein the prediction is simply the mean o f all o f 

the samples. The R2 value computed for each case is shown in Table 5-8. For example, 

in King block estimation, a R2 value o f 0.8263 is achieved and the Correlation 

Coefficient ( r ) is as high as 0.9101.

A close exam ination o f  the R2 values, RMS values, as well as ( r ) values indicate 

that in each case the network is trained very well.

1. R2 and RMS analysis

Table 5-8: Accuracy o f  the Training for Each Block

Block R-Squared RMS Correlation coefficient ( r )
Coho 0.92 244 0.86

Halibut: BLOCK1 0.84 198 0.88

BLOCK2 0.89 163 0.9

BLOCK3 0.85 192 0.89

Herring 0.89 322 0.87

Humpy: BLOCK1 0.91 217 0.92

BLOCK2 0.87 239 0.89

King 0.88 190 0.91

Pink 0.93 134 0.92

Red: BLOCK1 0.86 269 0.88

BLOCK2 0.88 253 0.9

Silver BLOCK 1 0.9 177 0.94

BLOCK2 0.86 196 0.89

Tomcod: BLOCK1 0.93 181 0.91

BLOCK2 0.87 202 0.88

BLOCK3 0.86 208 0.86

BLOCK4 0.9 191 0.89
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Figure 5-20 to Figure 5-28 are the scatter plots for all the fish blocks. For each case, 

it can be observed from the relevant scatter plots that the network has closely predicted 

the ore grade values.

2. Analysis of Scatter Plots
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Figure 5-20: Scatter Plot o f  Gold Grade for Coho Block
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Figure 5-21: Scatter Plot o f  Gold Grade for Halibut Block
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Figure 5-22: Scatter Plot o f Gold Grade for Herring Block
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Figure 5-23: Scatter Plot o f  Gold Grade for Humpy Block
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Figure 5-24: Scatter Plot o f Gold Grade for King Block
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Figure 5-25: Scatter Plot o f Gold Grade for Pink Block
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Figure 5-26: Scatter Plot o f  Gold Grade for Red Block
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Figure 5-27: Scatter Plot o f  Gold Grade for Silver Block
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Figure 5-28: Scatter Plot o f  Gold Grade for Tom cod Block

From the validation results, it can be observed that BP-vvard-net (with 3 slabs) seems 

to predict the ore grade reasonably well and thus can be used in the calculation o f total 

gold content in the Nome lease area.

3. Contour Maps Comparison

Figure 5-29 to Figure 5-46 shows the contour maps for the comparison between the 

raw data set (drill holes) and the prediction data set. The close contours indicate that the 

Neural Network can be used for ore reserve estimation.
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Figure 5-29: Coho Block Contour Map ( by Drillholes )
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Figure 5-30: Coho Block Contour Map ( by Prediction )
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Figure 5-31: Herring Block Contour Map ( by Drillholes )
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Figure 5-32: Herring Block Contour Map ( by Prediction )
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Figure 5-33: Halibut Block Contour Map ( by Drillholes )

Reproduced with permission o f the copyright owner. Further reproduction prohibited w ithout permission.



Y 
(m

e
te

rs
)

-  1 9 0 -

Figure 5-34: Halibut Block Contour Map ( by Prediction )
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Figure 5-35: Humpy Block Contour Map ( by Drillholes )
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Figure 5-36: Humpy Block Contour Map ( by Prediction)
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Figure 5-37: King Block Contour Map ( by Drillholes )
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Figure 5-38: King Block Contour Map ( by Prediction)
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Figure 5-39: Pink Block Contour Map ( by Drillholes )
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Figure 5-40: Pink Block Contour Map ( by Prediction )
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Figure 5-41: Red Block Contour Map ( by Drill h o le s )
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Figure 5-42: Red Block Contour Map ( by Prediction)
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Figure 5-43: Silver Block Contour Map ( by Drillholes )
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Figure 5-44: Silver Block Contour Map ( by Prediction )
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Figure 5-45: Tomcod Block Contour Map ( by Drillholes )
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Figure 5-46: Tomcod Block Contour Map ( by Prediction )
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Chapter 6 Summary and Conclusion

6.1 Summary and Conclusions

Neural Networks (NNs) have been used in geographical analysis for over a decade. 

Despite the increasing popularity o f  NNs as analysis tools for geo-computation, it is not 

widely used for solving mining problems. This thesis is focused on the application of 

Neural Network for offshore placer ore reserve estimation.

In Chapter 1, a brief overview o f the fundamentals o f ore reserve estimation is 

presented. It indicates that the Neural-Network can be used as an alternative estimation 

method to the traditional geostatistical estimation methods such as the Inverse-Distance 

method and the Kriging method. The overview also includes the literature o f  the NN 

application in ore reserve estimation. The scope o f this study is also presented in this 

chapter.

Chapter 2 presents the theory o f Neural Network, which includes the definition o f 

Neural Network, network architectures and training algorithms. A large number of 

Neural Network architectures are available based on the network connected topology. 

The choice o f  a particular architecture is very much dependent on the training task which 

a Neural Network is required to perform. In ore reserve estimation, there are multiple 

dimensional inputs with very noisy data. One algorithm which can greatly contributes to 

these problems is the Back-Propagation algorithm. Back-Propagation is a supervised 

learning algorithm that can be applied to multi-layer feed-forward networks. It is 

effective for the prediction problems, and its algorithm is straightforward and easy to 

understand.
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Training parameters such as the activation functions, learning rate, momentum 

factor, and weights update are also discussed in Chapter 2. In the final part o f  this 

chapter, an application of NN in ore reserve estimation is presented as an example and 

the predicted output performs well. The data set used in this example is extracted from 

the real database o f  the placer gold grade in Herring fish block in offshore Nome.

The most serious drawback o f  using Back-Propagation is its inefficiency for large 

data sets. This is more commonly known as the scaling problem where, as the size o f the 

inputs increases, the network becomes more computationally intensive, and the time 

required to train the network grows exponentially with the increasing number of hidden 

layer. Thus, it can be concluded that the Back-Progation Neural-Network architecture is 

effective for ore reserve estimation with a relatively small data set. If  the data set is too 

large, it would be better to be sub-divided into two or more data sub-sets.

The sensitivity analysis o f  NN parameters is discussed in Chapter 3. The selection o f 

parameter or factor attribution affects the final average total grade content. The 

parameters should be adapted through a continuing process o f  stimulation by the 

environment in which the network is embedded. The accuracy o f learning is determined 

by the manner o f which the parameters are optimized. Several neural network parameters 

are examined including (1) Neural-Network architecture; (2) Hidden Layers; (3) Hidden 

neurons; (4) Activation function; (5) Learning Rate; (6) Input patterns schedule; (7) 

Weights update. Based on the sensitivity analysis, conclusions can be drawn as follows:

The BP-Standard-net, BP-Ward-net, and Jump-net architectures are good for ore 

reserve estimation because they are MLP networks, which have multi-dimensional space 

o f  inputs to a given hidden unit. The set o f  all points in the space have a given value o f 

the activation function. The multi-layer structure o f these networks makes it easy to be 

clustered and trained, even if the input sample data set is very noisy.

In case o f  MLP architecture, only one or two hidden layers will be optimum 

depending on the number o f sample data points and the degree o f  noise in the data set. 

For BP-Ward-net architecture, however, two or more hidden slabs are preferable. For
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complicated target functions such as the case in ore reserve estimation, typically, the data 

is extremely noisy and the output contours have several "hills"’ or "valleys”, thus it would 

be useful to have a second hidden layer or slab. Each hidden unit in the second hidden 

layer or slab might enable the Neural Network to fit a separate "hill” or "valley”. In such 

cases, the Neural Network with two hidden layers often yields a better and accurate 

approximation with fewer weights than that with one hidden layer. However, the use o f 

two or more than two hidden layers exacerbates the problem o f local minima if  the data 

set is small.

There is no upper limit on the number o f  hidden units, but there is no real advantage 

to use too m any hidden units than the number o f  units used in the training cases, since 

bad local m inim a do not occur with large number o f  hidden units. There is no theoretical 

analysis available on how fast the approximation error decreases as the number o f  hidden 

units are increased. Therefore, an approximate form ula based on the tested cases is 

obtained. For example, for BP-Standard-Net with tw o hidden-layer, the number o f  hidden 

neurons approximates as the upper bound o f [(inputs+outputs+lavers)/2 + square root o f 

input pattem s]/2 .

It is im portant to apply the activation function on the weight sum o f inputs. Without 

non-linearity o f  the activation function, the network does not need any hidden units but 

only the input and output units. The reason is that a composition o f linear functions is in 

turn a linear function. A non-linear activation function makes the Neural Network more 

powerful. The sigmoidal functions such as the Logistic, the Tanh and the Gaussian 

function are the best choices. Based on the analysis, it is concluded that the Tanh and the 

Linear functions are the best for the input layer, the Tanh and the Gaussian functions are 

the best for the hidden layers, and the Logistic function is the best for the output layer.

In the training o f a Neural Network, a very low  learning rate will make the training 

very slow. I f  the rate is too high, it will make the weights and error function diverge. 

Based on the error function, the learning rate can be changed or fixed during the training
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process. From the sensitivity analysis, it is concluded that the range o f optimum learning 

rate appears to be between 0.2 and 0.3 for the problems defined in this study.

The raw data need to be preprocessed before they are used as inputs to the Neural 

Network. The purpose o f  a transformation is to increase the usefulness o f  the information 

contained in the network being transformed. Typical transformations include calculating 

various ratios, smoothing the series by computing the moving averages, scaling, and 

normalizing. The initial choice o f weight does not affect too much on the training 

performance. This is because thousands o f epochs are needed for the training, and the 

weights should be updated after each epoch is completed. From the comparative analysis, 

it is concluded that the momentum weight-update algorithm performs best.

In Chapter 4, comparisons are made between the Neural Network output with the 

volume of ore estimated by traditional ore reserve estimation methods for various cut-off 

grades. The following traditional estimation methods are used for comparison purposes: 

(1) Inverse-Distance interpolation method; (2) Triangular interpolation method; (3) 

Kriging interpolation method; (4) Multiquadric interpolation method; (5) Spline 

interpolation method. From the quantitative analysis, it can be concluded that Neural- 

Network provides relatively aggressive estimations compared with the geostatistical 

estimators. Although it is difficult to conclude that the Neural-Network is better than the 

other estimators, overall, Neural-Network is at least as good as the Kriging estimator for 

the problem considered here. From the qualitative analysis, several conclusions can be 

drawn:

It is known that geostatistical approaches in multiple dimensions and with 

irregularly spaced data are problematic. The matter o f dimensionality is more profound, 

as it address a  fundamental property o f  space. The irregular spacing o f data is concerned 

with the distinction between discrete and continuity. Even though it is possible to model a 

process as continuous, it is not possible to avoid the dimensionality problem. Neural-
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Network method avoids this problem by treating the process as "learning” and 

"generalization” and modeling the variogram as input or hidden neurons.

Neural Networks are a set o f  statistically-based algorithms. Statistical relationships 

only infer what the underlying physical relationship is. In Ore reserve estimation, the 

"rare” event (such as extremely high grade in few holes) is typically not well represented 

in the "statistics”, and it is often the condition that can be the most damaging.

The approach to Neural Network input and output is similar to the standard statistical 

techniques such as screening regression. The major difference between the algorithms is 

that Neural Networks are highly nonlinear and hence can find relationships that can not 

be modeled by traditional statistical methods. A Neural Network is best suited for pattern 

recognition, which means the data input is usually organized data o f only a few variables. 

A Neural Network can be taught to recognize "patterns” o f  a large number o f different 

variables.

Another significant difference between the geostatistics and the Neural-Network 

approaches lies in the estimation o f unknown values. The autoregressive form o f the 

linear estimator is based on weighting function such as the multi-Gaussian case which is 

"best” in the classical sense o f  the unknown value given the data is precisely for the 

estimator. This is the theoretical justification for the geostatistics methods. The Neural- 

Network estimator, on the other hand, is more flexible, as it is based on the weight 

readjustment and the selection o f  motivation functions in each network level.

Chapter 5 presents the application of Neural Network as a tool for ore reserve 

estimation in Nome Offshore placer gold deposit. The drill hole data is obtained from 

Nova Gold Resources Corporation. The lease area is divided into 9 fish blocks — COHO. 

HALIBUT, HERRING, HUMPY, KING, PINK, RED, SILVER, TOMCOD. The grade 

estimation is done on the block basis. A typical NN ore reserve estimation model analysis 

has the following sequence: (1) Load drill hole data; (2) Construct the network 

architecture; (3) Neural analyses, which include data rescaling, clusters/correlations
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analysis, activation functions applied, etc.; (4) Interpolate scatter data onto regular grids; 

(5) Predict the ore grades; (6 ) Validate the predicted results by checking their relative 

reality values, particularly where individual data sets have different spatial coverages; (7) 

Visualize the estimated results.

From the validation analysis o f  RMS, R2. Scatter plot and contour maps, it can be 

observed that Neural Network predicts the ore grade reasonably well. Thus, it can be 

used in the calculation o f  total gold content in the Nome lease area.

6.2 Suggestions and Further Study

In this study, it has been demonstrated that Neural Network can be used in ore 

reserve estimation. However, Neural Network sometimes become unstable when applied 

to large problems. It is suggested that some geostatistical methods be used for validation 

of the Neural-Network modeling by the comparison analysis.

A Neural Network behavior is unpredictable because a training algorithm is not 

guaranteed to cover global problems. Thus, the optimized parameters should be tested 

and obtained for a specifically defined problem.

In this study, the comparison analysis between Neural-Network and traditional 

geostatistical methods is based on a domain with a small data set. The further studies will 

be based on various domains with larger data sets.

The Neural Network is a 'b lack box'. Unfortunately, it is very difficult to determine 

which variables are significant. Consequently, it is difficult to prune out unnecessary 

input variables. All the input patterns are taken implicitly in the training process. The 

further study is to find which variables play a significant role in the network training and 

learning.
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Appendix A King Block Data Set for Training

HID XSPM YSPM WATDEPTH IBEGIN IEND METER DRIVE MGCM G T CUMMG CUMMG/CM

7104 6361.6 9041.1 13.8 -16.8 -18.8 5 0 0 63 15.8

7103 6388.7 9133.5 12.6 -15.6 -17.6 5 46 46 719 179.8

7102 6413.8 9232.0 11.6 -14.6 -16.6 5 42 42 392 98.0

7101 6445.3 9328.0 10 -13 -15 5 0 0 168 42.0

7163 6469.5 9423.1 9.9 -12.9 -14.9 5 0 0 1198 299.5

7162 6494.5 9521.5 9.3 -12.3 -14.3 5 0 0 417 104.3

7161 6523.5 9616.9 8.5 -11.5 -13.5 5 1 1 3 0.8

404 6532.9 9876.8 5.2 -6.04 -13.35 8.17 4.88 0 0 404.6 123.0

7160 6549.5 9714.5 7.2 -10.2 -12.2 5 25 25 90 22.5

7112 6552.6 8988.3 13.1 -16.1 -18.1 5 20 20 195 48.8

7169 6568.3 9396.6 10.6 -11.6 -13.6 3 1 1 32 16.0

7159 6574.5 9809.9 6.9 -9.9 -11.9 5 141 141 371 92.8

7169.2 6577.7 9401.3 10.6 -13.6 -15.6 5 2 2 133 33.3

7111 6582.1 9081.1 12.4 -15.4 -17.4 5 15 15 388 97.0

7168 6595.4 9491.9 8.9 -11.9 -13.9 5 1 1 612 153.0

7110 6607.6 9178.9 11.6 -14.6 -16.6 5 5 5 141 35.3

400 6610.6 9905.6 5.5 -8.32 -7.47 3.81 3.81 0 0 347.9 49.0

7167 6620.2 9586.9 8.4 -11.4 -13.4 5 0 0 4039 1009.8

7300 6622 8858.8 14.3 -17.3 -19.3 5 0 0 657 164.3

403 6634.1 10225.1 3 -6.25 -8.69 5.64 1.22 0 0 295.24 66.8

402 6634.2 10000.3 4.9 -4.88 -3.81 0.76 0.76 0 0 0 0.0

7109 6636.1 9273.9 10.4 -13.4 -15.5 5.1 1.1 924 924 1446 361.5

7166 6644.5 9687.9 8.1 -11.1 -13.1 5 1 11 11 3200 800.0

5841 6659 10284.1 3.5 -6.5 -8.5 5 1 844 844 1806 451.5

401 6660.6 10094.1 3.7 -3.66 -10.33 5.46 5.46 0 0 0 0.0

2539 6660.8 10310.8 2.8 -5.8 -7.8 5 1 67 67 927 231.75

7175 6663.9 9370.8 10.7 -13.7 -15.7 5 1 0 0 28 7

395 6668.4 9908.3 5.5 -8.6 -10.91 5.43 1.1 0 0 192 44.3418

7165 6675.1 9780.3 6.6 -9.6 -11.6 5 1 96 96 490 122.5

7115 6676.7 9054.9 11.6 -14.6 -16.6 5 1 10 10 583 145.75

7174 6691.8 9465.4 9.7 -12.7 -14.7 5 1 9 9 1065 266.25
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5821 6693 10338.4 2.5 -5.5 -7.5 5 1 2 2 190 47.5

399 6695.7 10207.8 3 -6.31 -8.75 5.7 1.22 C C 218.38 48.74554

7164 6700.3 9876.9 5.8 -8.8 -10.8 5 C c 234 58.5

7114 6704 9149.1 11.6 -14.6 -16.6 5 269 269 617 154.25

2153 6712.5 10290.3 2.5 -5.5 -7.5 5 14 14 175 43.75

7122 6718 8833.8 13.6 -16.6 -18.6 5 486 486 955 238.75

7173 6719.7 9563.0 8.1 -11.1 -13.1 5 1 1 2111 527.75

7113 6727.7 9247.0 10.1 -13.1 -15.1 5 0 0 173 43.25

397 6744.5 10380.9 1.5 -3.93 -3.9 1.46 1.4 0 0 3591.68 591.71

7172 6744.6 9660.5 7.1 -10.1 -12.1 5 0 0 2334 583.5

2538 6746.2 10279.8 2.5 -5.5 -7.5 5 8 8 143 35.75

5839 6746.3 10236.4 2.5 -5.5 -7.5 5 25 25 293 73.25

7121 6747.1 8933.5 13.6 -16.6 -18.6 5 36 36 70 17.5

2152 6754 10378.6 1.7 -4.7 -6.7 5 1 1 137 34.25

392 6755.7 9757.0 5.8 -10.42 -2.93 1.1 1 0 0 1408.11 240.7026

7181 6756.2 9345.3 10.6 -13.6 -15.6 5 0 0 93 23.25

396 6769.2 10468.9 1.5 -6.4 -2.71 1.19 1.1 336 409.9 409.92 67.2

5819 6772.7 10319.3 3 -6 -8 5 40 40 180 45

7171 6773.2 9756.3 5.6 -8.6 -10.6 5 0 0 18121 453

7120 6773.4 9024.8 12.6 -15.6 -17.6 5 36 36 585 146.25

7180 6783.5 9438.1 10.1 -13.1 -15.1 5 0 0 2843 710.75

391 6787.1 9868.5 5.5 -6.16 -12.25 6.77 3.66 0 0 25.46 8.186495

7170 6797.4 9848.4 5.6 -8.6 -10.6 5 1 1 457 114.25

7119 6800.4 9123.9 11.6 -14.6 -16.6 5 0 O 104 26

7179 6812.4 9533.1 8.6 -11.6 -13.6 5 0 0 231 57.75

390 6813.5 9737.6 6.1 -8.17 -6.16 0.67 0.67 0 0 743.13 164.7738

7130 6817.6 8806.1 12.6 -15.6 -17.6 5 374 374 651 162.75

7118 6825.8 9219.6 10.6 -13.6 -15.6 5 231 231 1066 266.5

2151 6836.9 10363.5 2.6 -5.9 -8 5.4 21 23.1 45.7 10.38636

6900 6837.8 9633.4 8.7 -11.7 -13.7 5 0 0 474 118.5

7129 6841.9 8902.4 13.5 -16.5 -18.5 5 37 37 139 34.75

388 6850.3 9654.4 7 -8.38 -4.21 2.07 2.07 0 0 230.16 26.48562

7117 6855.1 9319.3 10.7 -13.7 -15.7 5 466 466 2801 700.25

393 6860.5 10354.5 1.8 -2.93 -5.82 0.64 0.64 0 0 694.1 146.1263

7177 6864.7 9727.4 6.1 -9.1 -11.1 5 0 0 446 111.5

7128 6869.6 9000.5 12.8 -15.8 -17.8 5 7 7 541 135.25

387 6870.5 9715.3 6.1 -6.1 -8.38 1.37 1.37 0 0 0 0

7187 6883.6 9411.5 9.6 -12.6 -14.6 5 1 0 0 154 38.5

386 6889.1 9770.1 5.5 -8.53 -10.94 4.85 4.85 0 0 192.76 45.14286
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7176 6893.5 9824.4 5.1 -8.1 -10.1 c 147 147 35S 89.75

7127 6895.6 9096.6 12.1 -15.1 -17.1 c C C 71 17.75

7140 6909.6 8780.5 13.7 -16.7 -18.7 s 66 66 103 25.75

7186 6911.9 9509.9 8.6 -11.6 -13.6 5 0 C 259 64.75

7292 6920.2 9923.8 3.5 -6.5 -8.5 5 3 3 148 37

7126 6926.5 9193.3 11.5 -14.5 -16.5 5 7 7 486 121.5

2150 6934 10341.0 2 -5 -7 5 490 490 674 168.5

7185 6934.7 9603.1 8.1 -11.1 -13.1 5 0 0 926 231.5

7139 6939.1 8878.4 14 -17 -19 5 62 62 68 17

7125 6953.2 9286.3 11.6 -14.6 -16.6 5 0 0 1464 366

384 6958.5 9690.4 6.4 -6.4 -5.43 2.99 2.9 14 34.58 34.58 14

7184 6961.7 9699.1 6.1 -9.1 -11.1 5 6 6 184 46

7138 6963.6 8973.3 13.1 -16.1 -18.1 5 0 0 38 9.5

389 6975.4 10312.6 2.1 -4.21 -8.17 2.07 2.0 O 0 0 0

7124 6976.5 9384.0 9.6 -12.6 -14.6 5 O 0 786 196.5

7183 6989.6 9798.8 5.1 -8.1 -10.1 5 94 94 1229 307.25

7137 6990.8 9069.4 12 -15 -17 5 3 3 191 47.75

7192 7006.2 9480.9 8.8 -11.8 -13.8 5 10 10 542 135.5

7146 7010.1 8754.0 11.2 -14.2 -16.2 5 16 16 170 42.5

7182 7017.9 9892.5 4.6 -7.6 -9.6 5 O 0 445 111.25

7136 7018 9166.9 11.6 -14.6 -16.6 5 75 75 135 33.75

7145 7033.7 8849.4 14.1 -17.1 -19.1 5 38 38 299 74.75

7191 7033.7 9575.9 7.6 -10.6 -12.6 5 0 0 128 32

7290 7045.2 9986.4 4.4 -7.4 -9.4 5 1 1 174 43.5

7135 7047.3 9259.1 10.6 -13.6 -15.6 5 402 402 3200 800

7190 7060.2 9672.5 6.5 -9.5 -11.5 5 81 81 255 63.75

6261 7062.4 8945.5 13.7 -16.7 -18.7 5 13 13 204 51

7134 7074.5 9350.0 9.6 -12.6 -14.6 K 47 47 2638 659.5

7189.2 7084.1 9771.1 5.1 -8.1 -10.1 5 9 9 841 210.25

7189 7084.6 9767.9 5.1 -7.1 -9.1 4 47 47 472 157.3333

6260 7088.3 9043.8 14.9 -17.9 -19.9 5 21 21 976 244

385 7095.6 10278.5 2.4 -2.44 -6.1 0.61 0.61 0 0 0 0

7197 7098.8 9454.1 8.4 -11.4 -13.4 5 0 0 100 25

381 7104.8 9658.8 6.1 -6.1 -3.81 1.68 1.68 0 0 0 0

7149 7105.5 8724.3 15.1 -18.1 -20.1 5 28 28 182 45.5

7188 7113.1 9866.0 5 -8 -10 5 4 4 73 18.25

6259 7117.6 9136.5 13.2 -16.2 -18.2 5 27 27 521 130.25

7196 7125.7 9549.5 7.6 -10.6 -12.6 5 10 10 83 20.75

7148 7128.9 8821.6 13.6 -16.6 -18.6 5 73 73 351 87.75
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6258 7142.5 9235.9 12 -15 -17 5 1 16 16 171 42.75

7289 7143.2 9965.3 4.5 -7.5 -9.5 5 1 1 1 228 57

380 7143.7 9571.8 7.6 -10.06 -10.58 4.48 4.48 19 23.18 1388.36 379.3333

7195 7156.5 9646.1 6.6 -9.6 -11.6 5 1 0 438 109.5

6256 7161.5 8919.9 15.7 -18.7 -20.7 5 1 27 27 301 75.25

6257 7170.2 9330.4 12 -12 -14 2 1 612 612 612 612

6257.2 7171.2 9336.0 12 -15 -17 5 1 41 41 478 119.5

7194 7182.7 9743.0 5.5 -8.5 -10.5 5 1 12 12 274 68.5

6255 7186.2 9012.8 14.5 -17.5 -19.5 5 1 57 57 675 168.75

6330 7197.1 9426.8 10.8 -13.8 -15.8 5 1 1 1 42 10.5

7152 7199.9 8700.4 15.1 -18.1 -20.1 1 29 29 367 91.75

378 7209.8 9806.5 5.5 -6.19 -6.77 0.67 0.67 30 73.2 887.3 282.5796

383 7210.2 10246.5 2.1 -5.03 -7.47 5.33 1.22 105 128.1 244 59.36739

7193 7211.2 9838.4 4.3 -7.3 -9.3 5 1 115 115 674 168.5

6254 7213.2 9110.5 13.7 -16.7 -18.7 5 1 162 162 277 69.25

7151 7226.6 8793.8 14.6 -17.6 -19.6 5 1 2 2 123 30.75

6336 7227.8 9522.6 9.2 -12.2 -14.2 5 1 26 26 138 34.5

372 7228.4 9636.6 6.1 -7.59 -3.81 1.68 1.68 0 0 318.86 117.6605

377 7234.6 9894.5 4.9 -4.88 -6.19 0.7 0.7 0 0 0 0

7288 7238.3 9933.5 4.6 -7.6 -9.6 5 1 87 87 150 37.5

6253 7238.7 9206.5 10.7 -13.7 -15.7 5 1 333 333 365 91.25

376 7242.8 9923.9 4.9 -9.78 -10.61 5.73 5.73 203 247.7 247.66 40.40131

7200 7252.5 9620.0 6.1 -9.1 -11.1 5 1 2 2 817 204.25

6218 7256.4 8890.6 15.7 -18.7 -20.7 5 1 24 24 361 90.25

6252 7268.3 9302.0 11.4 -14.4 -16.4 5 1 2 2 50 12.5

6760 7275.6 9145.5 10.6 -13.6 -15.6 5 1 2098 2098 9124 2281

375 7275.9 10041.3 3.7 -3.66 -6.22 1.34 1.34 0 0 0 0

7199 7278.9 9719.0 5.2 -7.2 -9.2 4 1 150 150 496 165.3333

371 7281.3 9599.5 6.4 -6.4 -8.99 2.59 1.22 311 426.1 426.07 311

6212 7282.4 8985.8 15.8 -18.8 -20.8 5 1 9 9 74 18.5

6329 7295.4 9400.3 10.1 -13.1 -15.1 5 1 16 16 681 170.25

374 7300.7 10129.3 3 -5.33 -7.41 3.75 3.75 0 0 370.88 110.7104

6764 7301.9 9241.1 10.5 -12.5 -14 3.5 0.5 141 141 177 59

6764.2 7302.2 9240.5 10.5 -10.5 -12.5 2 1 15 15 15 15

7198 7305.4 9812.1 4.8 -7.8 -9.8 5 1 0 0 2812 703

6206 7307 9082.4 13.7 -16.7 -18.7 5 1 65 65 261 65.25

6335 7321.4 9495.6 9.9 -12.9 -14.9 5 1 6 6 342 85.5

373 7327.5 10213.5 2.1 -5.03 -7.47 5.33 1.22 415 506.3 654.14 159.1581

7287 7333.1 9909.0 4.1 -7.1 -9.1 5 1 0 0 353| 88.25
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6182 7334.8 9180.1 12 -15 -17 5 1 0 0 11223 2500

369 7338.3 9577.1 6.1 -6.1 -8.69 6.55 6.55 0 0 0 0

7203 7349.1 9593.3 6.1 -9.1 -11.1 4.9 4 3.6 4470.6 1146.308

6217 7351.1 8864.6 15.6 -18.6 -20.6 5 1 1 216 54

6167 7362.8 9275.6 10.6 -13.6 -15.6 5 12 12 150 37.5

6761 7369.5 9116.3 12.6 -15.6 -17.6 5 511 511 1338 334.5

7202 7375.4 9688.3 5.4 -8.4 -10.4 5 2 2 405 101.25

6211 7378 8963.9 13.9 -16.9 -18.9 5 12 12 152 38

6328 7391.1 9372.1 11 -14 -16 5 7 7 196 49

6765 7396.2 9214.9 10.3 -13.3 -15.3 5 31 31 1432 358

368 7397 9560.6 6.1 -8.11 -8.81 2.71 2.71 442 1092 1272.64 284.0714

5869 7399.9 10267.0 1.5 -4.5 -6.5 5 66 66 303 75.75

7201 7404.5 9786.8 4.6 -7.6 -9.6 5 2 2 403 100.75

6205 7405 9055.8 13.7 -16.7 -18.7 5 20 20 1572 393

6334 7416.7 9468.3 9.8 -12.8 -14.8 5 18 18 415 103.75

6768 7422.8 9314.1 10.5 -13.5 -15.5 5 0 0 532 133

7286 7430.4 9882.8 3.9 -6.9 -8.9 5 0 0 316 79

6181 7431.1 9154.4 11.7 -14.7 -16.7 5 409 409 2863 715.75

6216 7446.3 8835.1 15.5 -18.5 -20.5 5 1 1 96 24

7206 7446.7 9567.1 6.2 -9.2 -11.2 5 46 46 319 79.75

6759 7451.1 9409.5 8.8 -11.8 -13.8 5 55 55 237 59.25

366 7453.6 9547.9 6.1 -10.03 -4.72 3.2 3.2 203 247.7 852.78 165.5883

6166 7458.4 9249.5 10.7 -13.7 -15.7 5 164 164 2102 525.5

6762 7468.7 9091.0 11.7 -14.7 -16.7 5 1 1 355 88.75

365 7470.1 9606.5 5.8 -6.34 -9.97 4.18 1.22 41 98.81 98.81001 33.38176

7205 7473.9 9660.6 5.1 -8.1 -10.1 5 160 160 1832 458

6210 7474.8 8934.0 12.4 -15.4 -17.4 5 29 29 110 27.5

5870 7476.5 10229.9 2 -5 -7 5 89 89 13672 2500

6152 7484.6 9344.0 11.2 -14.2 -16.2 5 18 18 1122 280.5

6246 7489.4 8616.1 15.8 -18.8 -20.8 5 0 0 97 24.25

6766 7494.9 9187.6 10.3 -13.3 -15.3 5 184 184 428 107

7204 7496.7 9757.9 4.8 -7.8 -9.8 5 0 0 571 142.75

6204 7501.5 9028.8 11.3 -14.3 -16.3 5 11 11 80 20

6138 7514.6 9440.1 8.6 -11.6 -13.6 5 0 0 1057 264.25

362 7516 9533.4 6.1 -8.44 -4.85 1.49 1.49 446 544.1 544.12 152.4146

6227 7516.5 8714.3 15.9 -18.8 -20.8 5 5 5 7 1.75

6769 7522.7 9283.0 9 -12 -14 5 1 1 168 42

6180 7526.6 9127.9 11 -14 -16 5 367 367 6565 1641.25

7285 7527.5 9852.0 4.1 -7.1 -9.1 5 62 62 848 212
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7209 7537.3 9537.1 6.4 -9.4 -11.4 5 10 10 948 237

6215 7543.6 8809.1 13.3 -16.3 -18.3 5 49 49 216 54

6758 7550.3 9380.1 9.2 -12.2 -14.2 5 1 1 24286 2500

6163 7553.8 9220.9 12.7 -15.7 -17.7 5 196 196 602 150.5

6165 7553.8 9220.9 12.4 -15.4 -17.4 5 139 139 890 222.5

6763 7564.6 9063.5 11.7 -14.7 -16.7 5 164 164 516 129

7208 7566.5 9632.6 6.1 -9.1 -11.1 5 3 3 2264 566

6209 7570.6 8907.5 12.2 -15.2 -17.2 5 26 26 358 89.5

5871 7571.4 10185.3 2.5 -5.5 -7.5 5 47 47 552 138

6755 7572.7 9479.0 8.7 -11.7 -13.7 5 0 0 2289 572.25

364 7575 9957.0 3.7 -4.91 -8.56 4.91 1.22 0 0 0 0

360 7580.4 9537.5 6.1 -6.92 -3.51 1.68 1.68 253 308.7 308.66 151.3039

367 7580.4 10212.0 1.5 -1.52 -7.16 5.64 2.44 0 0 0 0

6151 7581.8 9317.8 9.5 -12.5 -14.5 5 1 56 56 10340 2500

6245 7584.5 8588.8 15.7 -18.7 -20.7 5 1 49 49 1373 343.25

6767 7588.8 9160.4 10.2 -13.2 -15.2 5 1 17 17 1143 285.75

7207 7595.3 9729.3 4.9 -7.9 -9.9 5 1 696 696 1880 470

6203 7596.4 9003.5 11.3 -13.3 -15 3.7 0.7 559 559 2335 778.3333

363 7599.8 10045.0 3.4 -3.35 -4.91 1.25 1.25 0 0 0 0

6748 7600.6 9572.3 7 -10 -12 5 84 84 9321 2330.25

6137 7609.9 9413.5 10.6 -13.6 -15.6 5 1 1 5528 1382

6226 7613.7 8685.4 15.9 -18.9 -20.9 5 95 95 386 96.5

6770 7617.6 9254.4 10 -13 -15 5 0 0 379 94.75

7284 7618.5 9828.0 4.1 -7.1 -9.1 5 1 1 417 104.25

6179 7625 9099.9 12.2 -15.2 -17.2 5 106 106 857 214.25

6749 7638.2 9509.6 7.7 -10.7 -12.7 5 2 2 524 131

359 7639.2 9520.9 6.4 -8.14 -10.58 4.18 1.22 203 247.7 9648.88 2500

6214 7640 8785.0 13.5 -16.5 -18.5 5 312 312 894 223.5

6757 7645.5 9350.4 8.7 -11.7 -13.7 5 47 47 3022 755.5

6164 7651.3 9195.5 11.2 -14.2 -16.2 5 157 157 9540 2385

7270 7664.7 9606.4 6.1 -9.1 -11.1 5 1 1 1731 432.75

6208 7666.2 8878.3 12.2 -15.2 -17.2 5 61 61 1075 268.75

6754 7673.1 9448.5 8.2 -11.2 -13.2 5 0 0 12862 2500

6150 7679.5 9290.0 10 -13 -15 5 4 4 6835 1708.75

5872 7680.4 10171.5 2 -5 -7 5 9 9 377 94.25

6244 7682.7 8561.9 15.8 -18.8 -20.8 5 111 111 137 34.25

7271 7692.1 9701.5 5.6 -8.6 -10.6 5 25 25 1505 376.25

6202 7693.3 8976.5 11.4 -14.4 -16.4 5 69 69 531 132.75

6747 7696.3 9544.6 7.7 -10.7 -12.7 5 7 7 2062 515.5
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361 7697.5 10178.S 1.8 -1.8: -8.44 2.35 2.3£ C C C 0

357 770C 9478.5 6.4 -6.4 -5.91 3.7a 3.78 332 679.2 679.32 333

6136 7706.2 9386.4 8.8 -11.6 -13.6 5 1 0 C 7834 1958.5

6225 7709.7 8657.8 15.7 -18.7 -20.7 5 1 106 106 453 113.25

6771 7713.5 9230.1 9.8 -12.8 -14.8 5 1 5493 5492 6063 1515.75

7283 7719.9 9800.3 4.6 -7.6 -9.6 5 1 13 12 110S 277.25

6178 7720.6 9070.5 12.7 -15.7 -17.7 1 52 52 6711 1677.75

356 7730.5 9406.5 6.7 -9.97 -8.44 2.04 2.04 0 0 6724.46 971.7427

6750 7731 9483.6 7.4 -10.4 -12.4 5 1 0 0 1086 271.5

6213 7736.7 8756.0 12.3 -15.3 -17.3 5 1 359 359 895 223.75

6756 7739 9327.3 9.2 -12.2 -14.2 5 1 1 1 1162 290.5

7269 7758.3 9580.3 5.8 -8.8 -10.8 5 1 51 51 2080 520

6207 7764 8850.9 11.5 -14.5 -16.5 5 1 100 100 302 75.5

6753 7767 9424.4 8.2 -11.2 -13.2 5 1 10 10 6130 1532.5

6149 7773.1 9265.9 9.6 -12.6 -14.6 5 1 49 49 647 161.75

5873 7782 10143.9 2 -5 -7 5 1 336 336 2350 587.5

7272 7787.4 9677.8 5.1 -8.1 -10.1 5 1 31 31 419 104.75

6201 7789.2 8948.5 11.6 -14.6 -16.6 5 1 12 12 477 119.25

6746 7794.3 9518.5 7.2 -10.2 -12.2 5 1 0 0 3278 819.5

355 7796.6 9641.3 4.3 -5.49 -8.75 2.04 2.04 610 573.4 573.4 265.463

6135 7801 9358.6 8.6 -11.6 -13.6 5 1 2 2 6283 1570.75

347 7809.8 9441.3 6.7 -8.69 -11.13 4.42 1.22 213 259.9 7764.06 2426.269

7282 7814.2 9772.6 4.6 -7.6 -9.6 5 1 215 215 6399 1599.75

358 7815.1 10145.9 2.1 -2.13 -8.14 1.74 1.74 0 0 0 0

6177 7816.5 9043.4 12.9 -15.9 -17.9 5 1 17 17 149 37.25

6751.2 7828 9454.6 7.4 -10.4 -12.4 5 1 1 1 3338 834.5

354 7829.6 9758.6 3.7 -5.43 -5.49 1.22 1.22 0 0 90.28 16.62615

6751 7831.3 9456.9 7.2 -10.2 -12.2 5 1 0 0 2223 555.75

6162 7843.7 9140.4 14.1 -17.1 -19.1 5 1 14 14 271 67.75

7268 7857.4 9553.3 6 -9 -11 5 1 4 4 2372 593

6752 7860.5 9394.8 7.7 -10.7 -12.7 5 1 8 8 96 24

6148 7870.3 9235.8 11.8 -14.8 -16.8 5 1 34 34 1437 359.25

7273 7881.9 9648.6 4.1 -7.1 -9.1 5 1 5 5 2273 568.25

5874 7885.8 10120.9 2.5 -5.5 -7.5 5 1 188 188 1376 344

6745 7890.6 9491.9 7 -10 -12 5 1 10 10 3158 789.5

344 7894.1 9414.3 6.7 -8.84 -12.5 5.79 3.66 17 62.22 307.92 53.18135

349 7896.2 9961.5 3.4 -3.35 -3.41 1.89 1.89 0 0 864.98 0

6134 7898.5 9334.4 8.4 -11.4 -13.4 5 1 58 58 826 206.5

7281 7912.2 9744.0 4.6 -7.6 -9.6 5 1 3 3 448 112
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348 7925.1 9861.5 2.7 -6.1 -6 2.65 2.65 0 0 626.62 137.116

7252 7927.3 9430.1 7 -10 -12 5 1 3 3 770 192.5

353 7932.5 10112.8 1.5 -14.45 -4.21 0.55 0.55 0 0 11076.14 855.3004

7267 7952.9 9525.4 6.1 -9.1 -11.1 5 1 20 20 1552 388

7274 7977 9624.4 5.1 -8.1 -10.1 5 1 62 62 1441 360.25

346 7983.7 9845.0 16.5 -20.12 -22.56 6.1 1.22 0 0 590.48 121

5875 7985.3 10101.8 2 -4 -5.6 3.6 0.6 2391 2391 3601 1200.333

7280 8005.3 9719.3 5.1 -8.1 -10.1 5 1 632 632 2741 685.25

345 8055.6 10100.3 1.5 -10.42 -17.68 1.22 1.22 415 506.3 506.3 50.02964

5876 8089.7 10080.6 2 -5 -7 5 1 3765 3765 5287 1321.75
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Appendix B Screens for Using Neuroshell2

A d v a n c e d  N e u r a l  N e t w o r k s  C \ u s r \ | k e \ x l s \ k i n g \ k i n g 1  \ k k i n g  t ra in !

T O
I !

r f d T
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D d t d y n d  C \ u s r \ | k e \ x l s \ k i n y \ k i n y  1 \ k k i n y  l i a i n l  p a l

I D H ID  I X S P M  _

7104.000000000000 6361.600060000000
Y S P M

9041.125000000000
W A T P E P T H  IB E J

' 13.800000000000
7103.000000000000 : 6388.700000000000 9133.500000000000

6445.300000000000 9328.000000000000
6469.500000000000 9423.125000000000r
6494.500000000000 9521.500000000000

7102.000000000000 6413.800000000000 9232.000000000000!
7101.000000000000:
7163.000000000000'
7162.000000000000 [
7161.000000000000 

404.000000000000
7160.000000000000 
7112.000000000000:
7169.000000000000:
7159.1

6523.500000000000 9616.875000000000
6532.900000000000 9876.750000000000r
6549.500000000666 
6552.600000000000

9714.500000000000
8988.250000000000

6568.300000000000
6574.500000000000

9396.625000000000
9809.875000000000

7169.200000000000 6577.700000000000 9401.250000000000

12.600000000000 
11.600000000000 
10-000000000000 

9.900000000000
9.300000000000
8.500000000000
5.200000000000
7.200TOOOOOOOO

13.100000000000
10.600000000000 

6 900000000000 
10.600000000000
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D a ta g r id  C \ u s i V | k e \ x l s \ k m g \ k i n g 1 \ k k i n g  t i a i n l  ou t

15.750000000000
179.750000000000

98.000000000000

jNetwofk(l)
63.204326629639 

170.348007202148 
29.231958389282

42.000000000000

Act-Net(1)
-47.454326629639 

3 401992797852 
68.768041610718

41.740108489990 0.259891510010
299.500000000000
104.250000000000

0.750000000000
122.978698730469

22.500000000000
48.750000000000
16.000000000000
92.750000000000
33.250000000000
97.000000000000  

153J)OqOOOODOOOO
35.250000000000
49.000000000000

1009.750000000000
164.250000000000

313.377593994141
9.802309989929
o.oooooooooaoo

42.925754547119
139.830062866211

56.960926055908
0.000000000000

152.944854736328
28.869440078735

143.236465454102

-13.877593994141
94.447690010071

0.750000000000
80.052944183350

-117.330062866211
-8.210926055908

16.000000000000
-60.194854736328

4.380559921265
-46.236465454102

64.285034179688 
119.836583557129 

52.100421905518 
1055.058837890625 

140.288681030273

88.714965820313
-84.646583557129

-3.100421905518
-45.308837890625
23.961318969727
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Appendix C King Block Training Results
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376 7242.8 69923.S 40.4 O.C 40.4

377 7234.6 69894.5 O.C 0.0 0.0

378 7209.8 69806.5 282.5 324.2 -41.6

380 7143.7 69571.8 379.3 513.4 -134.1

381 7104.S 69658.8 0.0 41.7 -41.7

383 7210.2 70246.5 59.4 19.6 39.8

384 6958.5 69690.4 14.C 124.9 -110.9

385 7095.6 70278.5 0.0 0.0 0.0

386 6889.1 69770.1 45.1 120.1 -74.9

387 6870.5 69715.3 0.0 0.0 0.0

388 6850.3 69654.4 26.5 184.9 -158.4

389 6975.4 70312.6 0.0 308.8 -308.8

390 6813.5 69737.6 164.8 234.3 o> CO
I 

v»

391 6787.1 69868.5 8.2 3.2 5.0

392 6755.7 69757.0 240.7 293.1 -52.4

393 6860.5 70354.5 146.1 0.0 146.1

395 6668.4 69908.3 44.3 184.2 -139.9

396 6769.2 70468.9 67.2 202.1 -134.9

397 6744.5 70380.9 591.7 366.3 225.4

399 6695.7 70207.8 48.7 141.7 -93.0

400 6610.6 69905.6 49.0 70.9 -21.9

401 6660.6 70094.1 0.0 0.0 0.0

402 6634.2 70000.3 0.0 0.0 0.0

403 6634.1 70225.1 66.8 57.6 9.2

404 6532.9 69876.8 123.0 223.1 -100.1

2150 6934 70341.0 168.5 107.1 61.4

2151 6836.9 70363.5 10.4 0.0 10.4

2152 6754 70378.6 34.3 0.0 34.3

2153 6712.5 70290.3 43.8 98.1 -54.3

2538 6746.2 70279.8 35.8 0.0 35.8

2539 6660.8 70310.8 231.8 135.0 96.7

5819 6772.7 70319.3 45.0 23.8 21.2

5821 6693 70338.4 47.5 56.9 -9.4

5839 6746.3 70236.4 73.3 76.9 -3.6
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5841 6659 70284.1 451.5 485.2 -33.7

5865 7399.9 70267.C 75.8 464.S -389.1

587C 7476.5 70229.9 3418.0 3252.6 165.4

5871 7571.4 70185.3 138.C 439.2 -301.2

5872 7680.4 70171.5 94.3 0.0 94.3

5873 7782 70143.9 587.5 559.0 28.5

5874 7885.8 70120.9 344.0 358.0 -14.0

5875 7985.3 70101.8 1200.3 1222.7 -22.3

5876 8089.7 70080.6 1321.8 1330.5 -8.7

6134 7898.5 69334.4 206.5 506.3 -299.8

6135 7801 69358.6 1570.8 799.5 771.2

6136 7706.2 69386.4 1958.5 1060.6 897.9

6137 7609.9 69413.5 1382.0 1524.7 -142.7

6138 7514.6 69440.1 264.3 1087.3 -823.1

6148 7870.3 69235.8 359.3 163.2 196.1

6149 7773.1 69265.9 161.8 678.5 -516.7

6150 7679.5 69290.0 1708.8 1129.2 579.5

6151 7581.8 69317.8 2585.0 1452.9 1132.1

6152 7484.6 69344.0 280.5 144.6 135.9

6162 7843.7 69140.4 67.8 241.4 -173.7

6163 7553.8 69220.9 150.5 143.7 6.8

6164 7651.3 69195.5 2385.0 2194.2 190.8

6165 7553.8 69220.9 222.5 123.4 99.1

6166 7458.4 69249.5 525.5 438.7 86.8

6167 7362.8 69275.6 37.5 155.3 -117.8

6177 7816.5 69043.4 37.3 185.9 -148.6

6178 7720.6 69070.5 1677.8 1497.6 180.2

6179 7625 69099.9 214.3 696.4 -482.1

6180 7526.6 69127.9 1641.3 627.2 1014.0

6181 7431.1 69154.4 715.8 372.4 343.3

6182 7334.8 69180.1 2805.8 2846.7 -40.9

6201 7789.2 68948.5 119.3 174.5 -55.2

6202 7693.3 68976.5 132.8 42.8 89.9

6203 7596.4 69003.5 778.3 627.6 150.7
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633C 7197.1 69426.5 10.5 O.C 10.5

6334 7416.7 69468.3 103.5 60.1 43.6

6335 7321.4 69495.6 85.5 40.9 44.6

6336 7227.8 69522.6 34.5 55.5 -21.0

6745 7890.6 69491.9 789.5 549.8 239.7

6746 7794.3 69518.5 819.5 841.5 -22.0

6747 7696.3 69544.6 515.5 859.1 -343.6

6748 7600.6 69572.3 2330.3 579.8 1750.5

6749 7638.2 69509.6 131.0 1012.6 -881.6

6750 7731 69483.6 271.5 979.7 -708.2

6751 7831.3 69456.9 555.8 661.3 -105.5

6751.2 7828 69454.6 834.5 744.5 90.0

6752 7860.5 69394.8 24.0 619.0 -595.0

6753 7767 69424.4 1532.5 994.4 538.1

6754 7673.1 69448.5 3215.5 2244.8 970.7

6755 7572.7 69479.0 572.3 755.5 -183.3

6756 7739 69327.3 290.5 910.4 -619.9

6757 7645.5 69350.4 755.5 1229.3 -473.8

6758 7550.3 69380.1 6071.5 5659.2 412.3

6759 7451.1 69409.5 59.3 78.5 -19.2

6760 7275.6 69145.5 2281.0 1770.3 510.7

6761 7369.5 69116.3 334.5 213.5 121.0

6762 7468.7 69091.0 88.8 44.0 44.8

6763 7564.6 69063.5 129.0 535.9 -406.9

6764 7301.9 69241.1 59.0 266.3 -207.3

6764.2 7302.2 69240.5 15.0 59.3 -44.3

6765 7396.2 69214.9 358.0 208.7 149.3

6766 7494.9 69187.6 107.0 405.2 -298.2

6767 7588.8 69160.4 285.8 153.7 132.0

6768 7422.8 69314.1 133.0 352.1 -219.1

6769 7522.7 69283.0 42.0 170.0 -128.0

6770 7617.6 69254.4 94.8 1191.8 -1097.0

6771 7713.5 69230.1 1515.8 1163.0 352.7

6900 6837.8 69633.4 118.5 239.2 -120.7
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7101 6445.C 69328.C 42. C 270.7 -228.7

7102 6413.£ 69232.C 98.C 169.5 -71.5

7103 6388.7 69133.5 179.8 65.6 114.1

7104 6361.6 69041.1 15.8 O.C 15.8

7109 6636.1 69273.9 361.5 90.S 270.6

7110 6607.6 69178.9 35.3 98.6 -63.4

7111 6582.1 69081.1 97. C 9.2 87.8

7112 6552.6 68988.3 48.8 0.0 48.8

7113 6727.7 69247.0 43.3 169.5 -126.2

7114 6704 69149.1 154.3 160.9 -6.6

7115 6676.7 69054.9 145.8 122.4 23.4

7117 6855.1 69319.3 700.3 396.8 303.5

7118 6825.8 69219.6 266.5 206.7 59.8

7119 6800.4 69123.9 26.0 198.3 -172.3

7120 6773.4 69024.8 146.3 170.4 -24.2

7121 6747.1 68933.5 17.5 165.6 -148.1

7122 6718 68833.8 238.8 70.1 168.6

7124 6976.5 69384.0 196.5 316.1 -119.6

7125 6953.2 69286.3 366.0 319.9 46.1

7126 6926.5 69193.3 121.5 191.2 -69.7

7127 6895.6 69096.6 17.8 0.0 17.8

7128 6869.6 69000.5 135.3 0.0 135.3

7129 6841.9 68902.4 34.8 0.0 34.8

7130 6817.6 68806.1 162.8 158.7 4.1

7134 7074.5 69350.0 659.5 523.7 135.8

7135 7047.3 69259.1 800.0 463.8 336.2

7136 7018 69166.9 33.8 277.5 -243.7

7137 6990.8 69069.4 47.8 0.0 47.8

7138 6963.6 68973.3 9.5 0.0 9.5

7139 6939.1 68878.4 17.0 370.7 -353.7

7140 6909.6 68780.5 25.8 0.0 25.8

7145 7033.7 68849.4 74.8 0.0 74.8

7146 7010.1 68754.0 42.5 36.4 6.1

7148 7128.9 68821.6 87.8 249.1 -161.4
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7284 7618.5 69828.0 104.3 444.8 -340.6

7285 7527.5 69852.0 212.0 38.9 173.1

7286 7430.4 69882.8 79.0 122.0 -43.0

7287 7333.1 69909.0 88.3 205.4 -117.2

7288 7238.3 69933.5 37.5 11.9 25.6

7289 7143.2 69965.3 57.0 0.0 57.0

7290 7045.2 69986.4 43.5 59.5 -16.0

7292 6920.2 69923.8 37.0 110.7 -73.7

7300 6622 68858.8 164.3 152.3 11.9
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