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ABSTRACT

Neural networks and interpolation of metal concentrations in a polluted river

A. Jdnsson, Institute ofEarth Sciences, Hydrology, Uppsala University, Norbyvdgen 18B,
S— 75236 Uppsala, Sweden.

In all areas of hydrology, where one or several variables are measured as a function of time, it might be
necessary to interpolate the measured variable(s). There is a form of artificial intelligence (AI) called neural
networks, which seem to be appropriate for this application. In an environmental project in Bolivia, where,
among others, the concentrations of arsenic (As), cadmium (Cd) and lead (Pb) in the polluted Huanuni river was
measured, a data set appropriate for application of the neural network method was available. Several neural
networks with different configurations were used to interpolate concentration values of the three sampled metals.
The neural networks interpolated concentrations at time steps where actual, measured, values existed so that an
estimate of the method’s capacity could be obtained. The neural networks’ interpolating capability were
compared to that of linear interpolation and linear equations derived by multiple regression. In the case of
cadmium, the linear interpolation was the best method, whereas the neural network method was best at
interpolating arsenic and lead concentrations. The conclusions of this study are that the neural network method
was the most succesful method; that this method was the most complicated to implement; that this method was
not fully optimised; and that, to evaluate the neural network method’s general applicability as an interpolation
method in hydrology, further studies have to be conducted.

REFERAT

Neurala nat och interpolation av metallkoncentrationer i en fororenad flod

Inom alla omraden av hydrologin, dar man mater en eller flera variabler som funktion av tid, kan det finnas ett
behov av att interpolera glesa tidsseriedata. Det finns en form av artificiell intelligens (AI) som kallas fer neurala
nat, vilken verkar vara lamplig att applicera pa detta problem. Genorn ett miljdprojekt i Bolivia, dar bl.a.
arsenik—,bly-, och kadmiumkoncentrationer i den fororenade floden Huanuni mattes, blev data lampliga for
applicering av den neurala natmetoden tillgangliga. Flera neurala nat med olika konfigurationer anvandes for att
interpolera koncentrationsvarden av de tre metallerna. De neurala naten interpolerade varden langs tidssteg dar
verkliga, uppm‘atta, koncentrationsvarden fanns, sa att en uppskattning av metodens kapacitet kunde goras. Dess
kapacitet jamfordes med kapaciteten hos tva andra metoder: linjar interpolation och linjara ekvationssystem
harledda med hjalp av multipel regression. Den linjara interpolationsmetoden var best i fallet kadmium, medan
den neurala natmetoden var best i de tva andra fallen. Slutsatserna av den har studien ‘ar att den neurala
natmetoden var den basta; att denna metod var den mest komplicerade att anvanda; att denna metod inte var helt
optimerad, och att det kravs ytterligare studier fer att utvardera den neurala natmetodens allm‘anna lamplighet
som metod att interpolera glesa hydrologiska tidsseriedata.

Copyright © 1996, Anders Jonsson och Institutionen fer geovetenskap, hydrologi, Uppsala
Universitet. Tryckt hos Institutionen for geovetenskap, hydrologi, Uppsala, Sverige I996
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Introduction

In hydrology in general, there is often the problem of scarce time series data. There can exist
gaps in the time series, which may need to be filled in order to better resolve the measured
variable’s variation with time. One basic approach to this problem is to interpolate linearly
between measured values along the time axis. Another approach would be to use regression
methods. The interpolation could be done by using a set of independent variables which were
correlated to the missing variable and which were present in complete time series. A linear
equation system derived by multiple regression could then be used to generate the desired
variable at time steps where data was missing.

There is a form of artificial intelligence called neural networks which are suitable for time
series prediction (Masters, 1993), pattern recognition, and nonlinear system simulations
(Smith & Eli, 1995). The neural network’s name stems from it’s functional resemblance of a
biological neuron. The strengths of the neural network are that it has a sort of self-learning
capability, and that it is possible to let the neural network use information about the system
being simulated which is of a ”logical” nature. An example of the self-learning capability
could be illustrated in systems where there is no knowledge of a particular signal other than a
large set of examples of the signal itself; the output of a neural network would then be rather
similar to the set of signals. The ability of the neural network to use logical information about
the system being simulated could be exemplified by using the water level of a reservoir
together with information about it’s position and/or time of the year. These two features of a
neural network, among others, have given it a proven record of stability and high accuracy
when dealing with complex (non-linear) data (Masters, 1993; Smith & Eli, 1995). There are
several types of problems, given the abilities of a neural network, which are suitable for
application (French et al., 1992):

1) using a neural network, one needs not to have first hand knowledge of the underlying
process(es).The problem addressed can be poorly, or even not at all, understood.

2) The complex relationships of the process investigated can be learned by the neural network
through training.

3) The neural network needs not to run to any prespecified condition. The neural network
always converges to an optimal (or suboptimal) solution.

4) 1n the neural network development, the user is free to choose the solution structure and any
constraints.

Another strength of the neural network method, compared to other statistical methods, is that
it is not dependent on a statistical distibution. This means that the data used can be strongly
skewed or non~Gaussian (Wong et a1., 1995). The user therefore needs no knowledge about
the statistical distribution functions.

In an environmental project funded by the Bolivian state and the Swedish aid agency SIDA,
the heavily polluted Huanuni river in Bolivia was monitored (COMIBOL & SGAB, 1995).
Data from that campaign was used to train several neural networks to interpolate
concentrations of arsenic (As), cadmium (Cd) and lead (Pb) at five points in the river. The
neural networks performances were compared to two other alternative methods: linear
interpolation and multiple regression. Concentration values for the three metals were derived



by interpolating linearly between actual, measured, concentrations. Concentrations were also
interpolated by linear equations derived by multiple regression.

What is a neural network?

This section, is to a great extent, based on Demuth & Beale (1994), since the codes for the
neural networks in this thesis were written in MATLAB® (The math works, lnc.,.l992 & 1993)
A biological neuron or ”brain cell” (Figure l) is a cell specialized at transmitting and
processing information.

Inputs from othe /
neurons i (inputs)

Figure l. A simplified biological neuron.

The neuron is stimulated by one or more inputs, and it generates an output that is sent to other
neurons. The output is dependent on the strength of each of the inputs and on the nature of
each connection (synapse). Some synapses may be such that an input will excite the neuron
(increase the output). Others may be inhibitory; an input to such synapses will reduce the
neuron’s output. When the signal is modified in this way, it is said that the signal is multiplied
by a synaptic weight or just a weight. The actual relationship between inputs and output can
be very complex.

To show how a computer can simulate the most simple forms of a biological nervous system,
feed-forward networks of different configurations or architectures will be described. All feed
forward networks have one important feature in common: the information flows only forward.There are other types of artificial neural networks.
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Figure 2. A single neuron with a single input and bias (Demuth & Beale, I994).

The way artificial feed—forward networks work, can be described mathematically with matrix
algebra. The scalar input p is transmitted through a connection that multiplies its strength by
the scalar weight, to form the product w ' p, again a scalar (Figure 2). The scalar bias b, is
added to the product w - p, as shown by the summingjunction. The bias is much like a
weight, except that it has a constant input of l. The transfer function net input n is the sum of



the weighted input w ‘ p and the bias b. This sum is the argument of the transfer function F. F
is typically a step (threshold) or a sigmoid (S-shaped) function that takes the argument n and
produces the output a. The step or threshold function is the original transfer function used in
neural networks. The function’s output is 0 if the net input n is less than the threshold func-
tion, otherwise the output is 1. There are several types of sigmoid functions but they all have
several important properties in common. They are all continuous, real—value functions whose
domains are real numbers, whose derivatives are always positive, and whose ranges are
bound. The sigmoid functions give the neural networks their robust behaviour when dealing
with extreme values. Note that w and b are both adjustable scalar parameters of the neuron.
The central idea of networks is that parameters can be adjusted so that the network displays
some desired behaviour.

A neuron with more than one input has a slightly more complicated architecture (Figure 3).
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Figure 3. A single neuron with R inputs and bias (Demuth & Beale, 1994).

The individual inputs p(l), p(2),..p(R) are weighted by the elements w(1,l), w(l,2),..w(l ,R),
and the weighted values are inputs to the summing junction. Their sum is simply w . p, the dot
product of the row vector w and the column vector p. As before, the neuron has a bias b,
which is summed with the weighted inputs to form the net input n. This sum is the argument
of the transfer function F.
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Figure 4. A one layer neural network with R inputs and S neurons- (Demuth & Beale, 1994)



In a network with more than one neuron (Figure 4), each element of the input vector p is
connected to each neuron input through the weight matrix w. At the ith neuron, the weighted
inputs and bias are summed to form a scalar output n(i). The various n(i) taken together form
an S—element vector n. Finally, the neuron outputs are a column vector a, with the dimension
l. Note that S need not to be equal to R, and it usually is not.

At the next level of complexity, the network has several layers (Figure 5). Each layer has a
weight matrix W, a bias vector b, and an output vector a. The network then has R inputs, Sl
neurons in the first layer, 82 neurons in the second layer, etc. It is common for different layers
to have a different number of neurons. A constant input of l is given to the biases for each
neuron. Note that the outputs of each intermediate layer are the inputs to the following layer.
Thus, layer 2 can be analyzed as a one layer network with R == 81 inputs, S I S2 neurons, and
a 81x82 weight matrix W = W2. The input to layer 2 is p 2 al, the output is a = a2. With this
analysis, layer 2 can be treated as a single network of its own. All other layers, except the
input layer, can also be treated as single networks of their own. Layer 3 is referred to as the
output layer, and layer 1 and 2 as hidden layers. Multiple layer networks are powerful. For
instance, a network composed of two layers, where the first layer has a sigmoid transfer
function and the second layer has a linear transfer function, can be trained to approximate any
function (with a finite number of discontinuities) arbitrarily well. Note that in MATLAB®, the
input layer is not counted. The two layer network mentioned above would be defined as a
three layer network by some other users (counting the input layer).

lnput Neuron layer 1 Neuron layer 2
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Figure 5. A three layer network. (Demuth & Beale, l994).



A distinct advantage of neural networks over other methods is their ability to learn the relative
importance and complex interrelations among input and output variables. By changing the
neuron transfer functions, the synaptic weights, or the network configuration, a neural
network can be conditioned to provide the expected response for a given input pattern. The
conditioning process is called training. A neural network is often trained in a way called
supervised training. Many samples are collected to serve as examples. Each sample in this set
completely specifies all inputs, as well as the associated outputs. Then a subset is chosen and
the samples in that subset are presented to the network one at time. For each sample, the
outputs obtained by the network are compared with the desired outputs. One common way of
supervised training for feedforward networks is back-propagation. After the entire subset of
training samples has been processed, the weights that connect each layer of neurons in the
network are updated in order to minimize the sum—squared error. The total or global error, E,
of all input—output cases is calculated according to:

E=éggbn~edz (o
where c is an index over input—output pairs, j is an index over output neurons, y is the actual
state of an output neuron, and 0’ it’s desired state (Rumelhart et al., 1986). The reduction of
the global error is achieved by adjusting the values of the network weights and biases in the
direction of the steepest descent with respect to the sum—squared error. Derivatives of the error
vector are calculated for the network’s output layer, and then back—propagated through the
network until derivatives of the error (called deltas) are available for each hidden layer. The
weights W in each layer are updated using the layer’s delta vector D, and the layer’s input
vector P, according to the back~propagation rule:

Awtnziimno) (a
where Zr is a numerical parameter called the learning rate (Demuth & Beale, 1994).
It is this iterative process which is called the back-propagation of errors, and a network with
this capability is called a back~propagation network. Remember, in spite of its (misleading)
name, the back—propagation network is still a feed—forward network. One pass through the
subset of training samples, along with an updating of the network’s weights is called an
epoch. The number of samples in the training set is called the epoch size.
There are several ways of improving the performance of a back—propagation network. Two
will be described here (which were used in the networks in this thesis). One problem with
neural networks is that the network’s error surface (the error as a function of bias B and
weight W), which often is more than two-dimensional, may contain several local minima. The
network, While training, may get stuck in a local minimum instead of a global one. A solution
to this problem is to add momentum to the network. Momentum allows the network to
respond not only to the local gradient, but also to recent trends in the error surface. For
example, a momentum of 0.9 means that 90% of the adjustments are made on the basis of the
previous values. Acting like a low pass filter, momentum enables the network to ignore small
features in the error surface. With momentum, a network can slide through local minima.
Mathematically, backprOpagation with momentum is expressed as follows:

AW(i,j) 2 cW(i,j) + (l -— mc)lr ~d(i)p(j) (3)

where me is the numerical parameter momentum (Demuth & Beale, 1994).



The other improvement has to do with the learning rate Ir. It is difficult to know beforehand
which value to assign Zr. An answer to this problem is adaptive learning. First, the initial
network output and error are calculated using the current learning rate. New output and error
are then calculated. As with momentum, if the new error exceeds the old error by more than a
predefined ratio, the new weights, biases, output, and error are discarded. Otherwise the new
weights etc., are kept. If the new error is less than the old error, the learning rate is increased.
This procedure increases the learning rate, but only to the extent that the network can learn
without large error increases. Thus a near Optimum learning rate is obtained for the local
terrain.

After training the neural network, it’s competence has to be evaluated. This process is called
validation. The usual procedure is to separate the known cases into two disjoint sets. One is
the training set, which is used to train the network. The other is the validation set, which is
used to test the trained network. In this case the data set was too small to do that. Instead a
method called Ieave~k~0ut orjackkm'fmg was used. A small fraction of the known cases, often
just one case (k==l), is held back for testing, and the rest are used for training. This is repeated
until every known case has been tested. When linear statistical methods are used, the result of
a subset of a data set can generally be extrapolated to the whole data set. This is not true for a
neural network since it is non—linear (Masters, 1993). It’s error surfaces are filled with hills
and valleys. A training set which is only slightly different compared to the previous one, may
push the weights over the edge into an entirely different region. This can result in dramatically
different final results. Therefore, it is highly unlikely that a network trained with all of the
known data is essentially identical to networks trained with subsets of the data. It may be that
most of the tested networks worked well, but something went wrong with the training of the
last network. Jackknifing will not inform the user of this event (Masters, 1993).

Materials and methods

The Huanuni mining district and the Huanuni river are located in mountaneous terrain in the
Eastern Cordillera, in the south western part of Bolivia. The river is severely polluted by the
mining operations in the area. There are mainly four sources of pollution which may affect the
metal concentrations of the river. They are:
1) acid mine drainage from the waste rock dumps;
2) the mill, from which acid process water containing metals in solution and crushed ore in

different grain sizes are continuously being released directly to the river;
3) the cooperativistas’ mining operations. The cooperativistas are indedependent miners, who

are not contracted by the company which operates the mine. They mine the waste rock both
from the dumps and from the mill, using primitive ore benefication methods directly on the
river bed.

4) untreated sewage from the town of Huanuni.

Five sampling points (e. g. Figure A22) along the river were choosen to reflect the impact of
these sources on the water quality (COMIBOL & SGAB, 1995). The water at point 1 can be
regarded as representing background values. Point 8 is chosen in a location which reflects the
impact from some of the cooperativistas’ mining activities, whereas point 9 is in a location
affected by most of the impact from the cooperativistas’ mining activites. Further downstream
at point 12, the mill releases its acid process water and highly mineralized rock grains directly



into the river. Finally, at point 13, the untreated sewage, with large amounts of phosphorus,
enters the river. The metal concentrations used in this thesis were measured only between
weeks 3 to 6 and 16 to 19 in 1994. For lead, the metal concentration values for weeks 16 and
18 at point 12 and week number 16 at point 13, respectively,were missing. The measurements
were done on a daily basis. The concentration values were later transformed into weekly
average concentrat-ion values. These values were not corrected for the river’s discharge.
Considering the high degree of temporal and spatial variation of the metal concentrations in
the river (Table 13:5 to Bz7), the task to fill the large gaps in the time series seemed to be
suitable for a neural network.

When one is about to choose a statistical method for solving a problem, one has to consider
for example:

1) What kind of result is desired?
2) What accuracy is required in the method’s result?
3) What kind of data/information is necessary to use the method?
4) What kind of data/information is available?

In this case, the desired results are the interpolated concentrations of various metals in
solution at five different points in a river, being polluted by different sources. In the ideal
case, all pertinent chemical and physical reactions taking place in the Huanuni river would be
known, and all variables relating to these would be known and measured. In other words, an
analytical solution could be obtained, i.e. a 100% correct interpolation would be possible.
Since the purpose of this thesis is to determine the accuracy of a neural network in inter-
polating the metal concentrations, compared to two other methods, there is no answer to the
second question in this case. Regarding the two last questions, the answers differ between the
three methods. Linear interpolation require a minimum of two input values of the same
variable between which to interpolate. This operation gives any number of outputs of the
given variable, depending on how many discrete time steps are interpolated. Multiple regress-
ion needs a set of an output or dependent variable and a minimum of two corresponding sets
of input or independent variables.

In the case of the neural network, the data/information available determines the architecture of
the neural network. With a given amount and type of data available, one can choose between
several types of neural network types and architectures. The type of data available determines
what type of neural network is likely to be most suitable. The desired result of the method is
at least an equally important parameter when it comes to deciding upon which type of neural
network to use. If one decides to use a multiple layer feed—forward network, there would be a
vast amount of possible architectures of the neural network. This flexibility is the strength of
neural networks compared to other statistical methods. But, this flexiblity also poses some
problems, since there are no rules on what the optimum architecture of the neural network is
for a given problem.

It is clear that the neural network’s architecture is one of the keys to optimum performance
(Fogelman Soulié, 1994). Two strategies that exist for reducing the complexity of the neural
network and thus improving the architecture of the same are modularization and variable
selection (Fogelman Soulié, 1994). Modularization means that instead of letting one big
neural network do the job, let several smaller ones solve submodules of the problem.
Variable selection is as simple as it seems: find the minimum number of important variables



and use them, instead of burdening the neural network with irrelevant variables. The optimum
number of variables are ususally found by trial and error. There have been attempts with self-
pruning networks which discard unuseful variables during training. The issue of variable
selection is not only a question of computing time (and money). Sometimes a reduction in the
number of variables enhances the performance of the neural network. The data from the in—
situ measurements of pH, conductivity, temperature and discharge could be used by both the
multiple regression method and the neural network. All these variables might be important for
the fate of the various metals, e.g. complexation, precipitation, dissolution, oxidation and
reduction might all contribute to a change in the concentration of a given metal. However,
there are other variables which are may be more important when considering the metal
concentrations in solution. These variables are associated with the waste rock deposits, the
cooperativistas, the Santa Elena mill and the waste water from the Huanuni town. So, the
variables would be upstream/downstream of these sources. Unfortunately, the direct impact of
the waste rock dumps could not be considered since information on their volumes was
incomplete, but the information regarding the cooperativistas, the Santa Elena mill, and the
waste water could be used by a neural network. Since the metal concentrations were
calculated on a average weekly basis with no consideration taken for daily variations in river
discharge, all used variables were transformed into weekly averages.

Interpolating metal concentrations by linear interpolation

To show what the results would be of a simple linear interpolation, a straight line was drawn
between the concentration values of weeks 3 and 5, 5 and 16, and between weeks 16 and 18.
Thus the concentrations of weeks 4, 6 and 17 were interpolated. This was the linear
interpolation yielding the least amount of interpolated concentration values. On the other hand
it was probably the best interpolation possible since it had the highest resolution regarding
time, which was the independent variable. One important point regarding the comparison of
results from the linear interpolation and the other two methods, is that they did not use the
same sets of data to derive their results.

Interpolating metal concentrations by using multiple regression

A multiple regression program was made in MATLAB®(The math works, Inc, 1992 & 1993).
The concentration for a given metal was the dependent, or Y, variable, and temperature, pH,
conductivity and discharge were the independent, or X, variables. This means that the
resulting linear equation was:

Y2M+BIX1+BZX2+B3X3+B4X4+BSX5 (4)
where M is the intercept (Haan, 1977). The data set used for prediction was composed of the
eight weekly observations of concentration, pH, conductivity, temperature and discharge,
starting with observation point one, followed by the observations for the next points. This
means that the total number of observations was n == 40 (5.8) for As and Cd, and n = 37 (3-8 +
16 + 1.7) for Pb. By using the leave-one-out method, 11 —l observations where held back in
order to derive the equation used for interpolating the desired concentration value. This
process was iterated n times until all n concentration values had been interpolated. The leave—



one-out method was used to ensure a fair comparison between the results of the multiple
regression and the neural network methods.

Interpolating metal concentrations by using a neural network

One problem with neural networks is that there are no firm rules (yet) for optimising a neural
network. There are some some guidelines though (Masters, 1993; Pandya & Macy, 1996;
Smith & Eli, 1995 ). The neural network type used was a feed-forward network with back~
propagation and momentum. The feed—forward network is the standard workhorse, and if
there are no special considerations, this should be the a priori choice of network type
(Masters, 1993). The momentum was set to 0.9, which also is standard procedure (Smith &
Eli, 1995). Whether one optimises the neural network according to some guideline or by trial
and error, there are basically three areas where improvements to a neural network can be made
if one keeps the number of training iterations constant:
1) The neural network’s architecture. The number of input variables and the number of hidden

neurons could be increased or decreased.
2) The amount of data with which to train the network. The possible lack of data may lead to

overfitting and/or insufficient training.
3) The preparation of input data.

Actually, the first two areas are two sides of the same coin. The architecture of the neural
network should depend on the size of the training set available. There should be a balance
between the number of free parameters and the size of the training set. Otherwise, there will
be overfitting. Overfitting means that the neural network has so much processing capacity that
it can ”learn” the smallest noise, which is not at all relevant when interested in large-scale
variations of the simulated variable. Therefore, the neural network performs well during
training, but much poorer when confronted with a set of new samples of the simulated
variable. Another way of avoiding overfitting is to decrease the number of both input and
hidden neurons, since weights connecting the inputs to the hidden neurons usually make up
most of the free parameters. A neural network with LG inputs and L1 hidden neurons in the
first hidden layer has N weights, including bias weight between the input layer and the first
hidden layer (Pandya & Macy, 1996) according to:

N:(L0+l)><L, (5)
The neural networks in this study used two sets of input variables. In the first set, the variables
for the input layer were pH, conductivity, temperature and discharge for the given point. With
this network configuration, no information on where and when the samples were taken was
available to the network. In the second set, the four variables in set one were kept, while four
variables were added as input variables. The week number was added, since external
conditions like precipitation and/or air temperature for a given week would lead to, for
instance, a change in the acid drainage from the waste rock deposits and thus a change in the
metal concentrations in the river. Week number is an ordinal variable, where order has
meaning but magnitude has not. Huanuni town (waste water) is a nominal variable, which
take the value of either 1 (yes) or 0 (no). This variables refer to whether the samples were
taken downstream from the town or not. The cooperativistas and S:a Elena variables are ratio
varibles, wher order and magnitude have meaning. So does the value 0. One monitoring point
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(8) is located approximately in the middle of the cooperativistas’ activities. The full impact of
the cooperativistas activities was given the value of 1. Therefore, the value of the cooperativi»
stas variable for point 8 was 0.5 and l for point 9. The Santa Elena mill (including mine
water) had an operations record. If, for instance, the mill was only operational for six days a
given week, this variable would be assigned the value of 6/7.
The neural network’s architecture varied between a network with 5 neurons in the first hidden
layer and 3 neurons in the second hidden layer, and a network with 2 neurons in one hidden
layer only. All hidden neurons in the different networks had sigmoid transfer functions. All
networks in this study had one linear output neuron. This means that the neural networks used
in this thesis had between 2 and 3 layers according to MATLAB® (Demuth & Beale, 1994), and
between 3 and 4 layers according to alternative definitions. In this study, a network will not
be defined according to MATLAB®°S definitions (Demuth & Beale, 1994). Instead, it will be
defined according to the number of neurons in the input and hidden layers. A 8-5-3 network
means that the neural network has 8 input neurons, 5 neurons in the first hidden layer, and 3
neurons in the second hidden layer.

What would the number of free parameters be in the largest neural network used in this
thesis? The number of input neurons was 8. In the first hidden layer with five neurons and one
bias per neuron, the number of parameters is 8 ' 5 + 5, which equals 45. In the second hidden
layer, with neurons and bias the number is 5 - 3 + 3, which equals l8. In the output layer, the
number of parameters, with neuron and bias, is 3 - l + l, which equals 4. The total number of
(free) parameters therefore turns out to be 8 + 45 + 18 + 4 = 75. A very large number
considering the size of the training set which is either 39 or 36 (see below). In the smallest
neural network used in this thesis, the number of input neurons is 4 and the number of hidden
neurons is 2. The number of free parameters is 4 ' 2 + 2 = 10 in the hidden layer and 2 -1 +1 =
3 in the output layer. The total number of free parameters is then 13. But the input parameters
also contribute with potentially important information to the neural network. Therefore if one
is in doubt whether to use a variable as input or not, use it (Masters, 1993). And if one wants
to reduce the risk of overfitting, it is the number of hidden neurons which should be
decreased, not the input neurons.

Since the number of observations was small, the training set was generated by the leave-one-
out method. This means that in the case of As, the network was trained on 39 samples or
training vectors and predicted 1 concentration value. This process was iterated 40 times in
order to get the 40 predicted concentration values. The training sets for Cd and Pb were
generated in the same way. IfN is the number of weights (equation 4) in the neural network,
then the number of training vectors should at least be 2N and preferably 4N (Pandya & Macy,
1996). This condition is satisfied with the smallest network configuration in this study, where
the number of weights (free parameters) is 13 (see above). Sometimes, it is favourable to add
randomly generated samples in order to increase the size of the training set (Masters, 1993).
This was not tested in this thesis. The networks were not trained beyond 3000 iterations.
Regarding the preparation of input data, there are mainly four issues which need to be brought
up in this study. The choice of training variables is the first issue to be considered. If the
weight from an input variable is small, i.e. the information is not very relevant to the output,
then it should be discarded. However, the input variables available in this study were so few
that all were kept. The second issue regards the selection of representative samples on which
to train the neural network. Usually this means that extreme values or outliers are removed.
Since the data set available in this study was so small, all samples were kept. The third issue
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is detrending. It is usually better to locate trends in the input data and ”detrend” them before
training the neural network if one is predicting time series (Masters, 1993). The detrending
operation is usually restricted to linear trends only, since non-linear trends are difficult to
detect. In this study no detrending was done, since the neural networks in this study were not
employed to predict time series. Although time was used as an input variable, the neural
networks in this thesis trained on sets composed of data from five different locations
(sampling points) and eight different weeks. When a neural network is employed in a time
series mode, it is usually training on data previous to the value that is to be predicted, and all
data is from the same time series (same location).

The last issue regarding preparation of input data is scaling or normalisation of data. For a
multiple layer feed~forward network, scaling is not necessary, since it is able to use raw data
as input (Masters, 1993). The output will then be unbounded as well. But if the training data
has extreme values, especially heavy tails in time series, then it often helps the neural network
if some sort of scaling is done on the training data. There is one standard compressing trans-
formation which can be used on the training data: to use the logarithm of the data. Other
commonly employed compressing transformations are to take the square or the cube root of
the data (Masters, 1993). In this study, the neural networks were used without the logarithmic
compressing transformation. The reason for not compressing the input data is that the neural
network ”concentrates” more on the variations in the population if the input data is
compressed. If there are some variables in the training set which vary in a random manner,
then the neural network will try to learn this. This is however not related to the variation ofthe
population. When sigmoid transfer functions are used in neural network, as was the case in
this study, one usually normalises the data to values between unity (1) and zero (O).The input
and output data was transformed to a common range according to:

X“ Xjkiiiin 6

”Xmax~Xr:iin ()

where X is the normalised value, X* is the raw data and X2,“ and X2,“ are the minimum and
maximum value for that variable respectively (Wong et al, 1995). The reason for decreasing
the range of the input is the sigmoid (S-shaped) transfer functions in the hidden layer(s). As
an example, if this compressing had not been done, a big difference between two inputs in the
upper range of the transfer functions domain would yield two outputs with a much smaller
difference between them. The output from the neural network was transformed back to the
input’s original range.

Estimating the accuracy of the interpolation methods

The results of the three methods were compared in terms of root mean square error (RMSE)
and correlation coefficient. The root mean square error of the interpolation is computed
according to:

l "*1 2\/;Z(r. —-o,~) (7)
i=0

where n is the number of predictions, 1‘ the target values, and 0 is the interpolated values
(Masters, 1993).
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The correlation coefficient is defined as:

pX,Y : 0X1 “ya/03’ (8)

where 03g is the covariance of X and Y and (IX and cry are the standard deviations of X and Y
respectively (Haan, 1977).

Results

The results from the linear interpolation, the multiple regression, and the neural networks are
first presented in tables 1 to 4, below. These tables show the best results in terms of root mean
square error (RMSE) and correlation factor. The results in tables 3 and 4 are the best results
for each neural network configuration.

Plots of interpolated concentration values versus actual values for all three methods and for
each metal are shown in figures A11, A15 and A29. In figures A12 to A14, A:6 to A:8 and A:10
to A: 12 (Appendix A1 to A3) the interpolated concentrations for each metal by all three
methods are plotted together with the actual concentration values as a function of time. In
these plots, a direct estimate of the accuracy of the interpolation can be made. There is one
plot for each observation point, metal, and method. These plots are placed in a schematic map
over the stretch of the river Huanuni where the cooperativistas mine and where Santa Elena
mill and Huanuni town are located. In this way, one can relate the sampling points to the
various processes taking place along the river, which might affect the metal concentrations.

Table 1. Accuracy of arsenic, cadmium and lead concentrations derived by linear interpolation.

Metal Correlation RMSE
coefficient (pg/l)

As 0.945 158
Cd 0.988 61
Pb 0.637 281

Table 2. Accuracy of arsenic, cadmium and lead concentrations derived by multiple regression

Metal Correlation RMSE
coefficient (pg/l)

As 0.605 630
Cd 0.961 175
Pb 0.382 543



Table 3.Accuracy of arsenic, cadmium and lead concentrations derived by neural networks with
four input neurons.

Number of Number of Number of Correlation RMSE
hidden neurons in hidden neurons in training coefficient (ug/l)
first layer second layer iterations
AS
2 0 2000 0.910 329
3 0 3000 0.900 385
3 1 2000 0.864 434
5 3 1500 0.950 250

Cd
2 0 15 00 0.977 135
3 0 1000 0.977 136
3 1 2000 0.980 127
5 3 1500 0.981 124

Pb
2 0 500 0.480 517
3 0 300 0.482 504
3 1 3000 0.721 405
5 3 1000 0.704 428

Table 4. Accuracy of arsenic, cadmium and lead concentrations derived by neural networks with
eight input neurons.

Number of Number of Number of Correlation RMSE
hidden neurons hidden neurons training coefficient (ug/1)
in first layer in second layer iterations
AS
2 0 2000 0.972 150
3 0 1500 0.968 161
3 1 2000 0.974 146
5 3 1000 0.975 142

Cd
2 0 1000 0.964 213
3 0 2000 0.953 235
3 1 200 0.963 185
5 3 1500 0.959 229

Pb
2 0 1500 0.947 184
3 0 3000 0.958 167
3 1 2000 0.977 122
5 3 500 0.889 263
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Discussion and conclusions

The neural network method is slightly better at interpolating concentration values for arsenic
than the linear interpolation method and much better than the multiple regression method
(Tables 1 to 4 and, Figures Azl to A24). The difference in RMSE between the neural network
with the best configuration (8—5-3) and the multiple regression is almost 500 ug/l. This is very
large considering the range of the actual, measured concentrations of arsenic, 1.4 —- 2200 ug/l,
(Table B5). The difference in RMSE between the linear interpolation method and the best
neural network is small, 16 ug/l. The more input and hidden neurons contained in the neural
network, the better it performs (Tables 3 and 4). The improvement achieved by adding the
four extra input neurons relating to time and location was 108 ug/l.
In the case of cadmium, all three methods performed well in this study (Tables 1 to 4, and
Figures A:5 to Az8). The linear interpolation method was best with a RMSE of 61 ug/l. The
best neural network configuration was a 4—3—1 configuration with a RMSE of 127 ug/l. The
multiple regression method had a RMSE of 175 ug/l. The range of the actual, measured
concentrations of cadmium was 0.60 to 1800 ug/l ( 8:6). The reason that the linear
interpolation was the best method in this case is difficult to say. One has to remember, though,
that this method did not use the same data set as the other two methods to derive it’s results.
The difference between the results of the neural network and the multiple regression methods
was small. The concentration of cadmium probably depended linearly to a greater extent on
the independent variables (conductivity, pH, temperature, discharge) than the other two
metals. The fact that the addition of the four extra input neurons, relating to time and location,
decreased the performance of the neural networks also indicates this (Tables 3 and 4).
Finally, when it comes to lead, the best neural network was decisively better at interpolating
the concentrations compared to the two other methods (Tables 1 to 4 and, Figures A9 to A12).
The difference in the RMSE between the best neural network, which had an 8~3~1
configuration, and the linear interpolation method was, 159 ug/l. The difference in the RMSE
between the best neural network and the multiple regression method was more than 400 ug/l.
This has to be considerd a big difference when the range of the actual, measured
concentrations was between 0.30 and 2800 ug/l (Table 8:7). In the case of lead, the addition
of the extra four input neurons did much to increase the performance of the neural networks.
So did the addition of an extra hidden layer when only four input neurons were used.
The performance of the neural network was better than the two other linear methods.
However, the performances of the neural networks in this study are not necessarily the best
possible. Increasing the number of training iterations might improve the neural network’s
performance. This is not always true, however, since in some cases the best result was reached
before the maximum number of training iterations (3000) had elapsed (Tables 3 and 4). If the
RMSE would stay around the level of the best result after the number of training iterations
was increased, then one could safely assume that further training would not improve the
performance of the neural network. One or several changes in the networks’ configurations
used in this study might well lead to an improved interpolating capability. In the cases of
arsenic and lead, an increase in the number of input neurons enhances the interpolating
capability of the neural network (Tables 3 and 4). A further increase might be obtained by
adding more input neurons. Different types of transfer functions instead of the ones used in
this study can also make the neural network better. One could, for example, try to use a
sigmoid transfer function in the output neuron instead of a linear one. A search for trends in
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the input data, and the detrending of these possible trends, may also enhance the training of
the neural network, and thus it’s performance. A compressing operation, like taking the
logarithm of the training data, might also improve the performance of the neural networks.
Last but not least, the small size of the training set might be the true limiting factor of the
neural network’s performance in this thesis. If the training set is too small, it is however
difficult to see how an increase in the complexity (more input and hidden neurons) of the
neural network can lead to an improvement in the network’s performance. The fact that the
performance (RMSE) of the neural network sometimes deteriorates with more training
iterations after the best RMSE—value has been reached may indicate that overfitting is actually
occuring (Masters, 1 993).

This study also showed some of the problems with neural networks in terms of their
optimisation. A trial and error approach is the only possibility since the behaviour of the
neural network can be very hard to predict. The data sets of the three different metals looked,
at least, surficially similar. One would then perhaps jump to the conclusion that the best
configuration of the neural network for one metal would also be the best for the two other
metals. This was, however, not the case (Tables 3 and 4).

The conclusions of this study are:

The neural network performed much better than the methods of multiple regression
and linear interpolation.

It took much longer time to optimise the neural network and to implement it.

The neural network was presumably not fully optimised.

To verify if the neural network method is suitable for the application of interpolating
hydrological quantities, further studies are needed.
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Appendix A1: Arsenic
As by linear interpotation
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Appendix A2: Cadmium
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Appendix A3: Lead
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Figure Az9. Plots of predicted versus actual interpolated oflead by: a) linear interpolation; b)multiple regression; c) neural network.
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Figure A210. Plots of actual and interpolated concentrations of lead by linear interpolation, as a
function oftime at the five different sampling points.



28

Pom l
300 ; .

o = actual, ‘ = inemolated
200?

A 100,§ ' x
‘c’
O
E O o O o o o o 0 o

g l

8 400 .

-200 i

It 'K "‘
l

-300 -
t 5 10 15 20

week n!

Point 9
800 i V

o = actual, “ = interpolated
7OOL .

600 .

E
8' 500
C

9
E 400
E
0

2 300v
8 o

200. " i.
X

x
100. x 1

o
o 0 o = n _ n

t 5 10 15 20
week or

P014112
3000 ,

° 0 = actual, ‘ = irterpolatec.
2500 i

g o

E
E 1500 L

g 1000 t

500 Q I ‘
" I:

O K

O
O n

0 5 10 15 20

Huanuni town; 7

week Pf

Huanuniflver

co
nc

en
tra

tio
n

(u
gl

l)

co
nc

en
tra

tio
n

(u
gl

i)

400

Legend

Q Cooperativistas‘ mining activitieé

m” POpulated areas

500
Pom! B

400 .

300 .

200 .

100.

o = actual, ‘ = interpolated

week nr

Santa Elena mill

§
§

§§

800»

600

400.

200

Pom 13

0 = actual, * = irterpolated

Figure Azl 1. Plots of actual and interpolated concentrations of lead by multiple regression, as a
function oftime at the five different sampling points.

20



Pdmt
50 Y
‘5 ~ ‘ 0 = actual, " == idemotated

‘0 ,

A35,

3 3O 7 x
g t at
”25.E 1
020.

E 15. ‘

to. ‘ o
o5. o o x

0 o o o 0
t 5 10 15 20

mmkm

Pmms
mo 7

o = actual, ' = irterpolated
250. 0 .

GZML
3
C
0
£150
‘6
222’
81%.

so. 0 K .
l

K ‘ ‘ ‘

O . ‘ n 0 Q n
l 5 10 15 20

week nr

Point 12
3000 . ,

O no = actual, " = iderpolated
2mm. _

g 2000 f,
E
9
giwo
E

§
8 1000 l

500 ‘

0
0 R x

O 5 10 15 20
week nr

f

l
\

\" “Huanuni town

Huanuni

lll

c
o

rm
m

h
o

n
tu

g
fl
)

PmriS
1n 7 .

o o=actuat.‘=interpolated1
2%.

€200.

€150

8 100»

so. I! ,t . I
. l ‘ u

0o o 9 n r. ns 10 15
weekrr

kcrfifi :~~ 7w,6,
,ljltséZ§?E%>t~«

Santa Elena mill

Points
1200

o o = actual, ' : interpolated
1000

I

800

600 I

O

400 O

200 " 9
O

0 : 5‘5 10 IS 20

river

29

Legend

§ Cooperativistas' mining activities;

W Popyléled areas

Figure A: 12. Plots of actual and interpolated concentrations of lead by neural network, as a
function oftime at the five different sampling points.
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Appendix B: Input data

Table 8: 1. Conductivity (”S/cm)

Week Point 1 Point 8 Point 9 Point 12 Point 13
3 261.43 327.14 315.71 1310.00 1356.43
4 258.57 310.07 341.43 1228.57 1370.71
5 245.71 388.57 371.43 1075.71 1027.14
6 270.00 834.29 1007.14 1271.43 1357.14

16 265.71 432.86 464.29 1857.14 1942.86
17 273.57 395.71 434.29 1914.29 2021.43
18 271.43 782.86 868.57 1685.71 1842.86
19 273.57 627.14 958.57 1964.29 1971.43

Table 8:2. pH

Week Point 1 Point 8 Point 9 Point 12. Point 13
3 8.54 7.61 7.40 4.04 4.12
4 8.62 7.26 7.16 4.36 4.24
5 8.54 7.09 5.97 4.27 4.38
6 8.60 3.93 3.72 3.74 3.71

16 8.67 6.65 5.98 3.74 3.75
17 8.46 6.41 6.03 3.39 3.41
18 8.47 3.54 3.37 3.12 3.62
19 8.77 4.27 3.49 3.36 3.51

Table Bz3. Discharge (1/5)

Week Point 1 Point 8 Point 9 Point 12 Point 13
3 130.43 138.44 155.61 254.36 299.18
4 81.83 109.06 132.30 256.61 227.84
5 195.50 243.03 300.49 360.64 483.26
6 127.01 59.47 82.69 222.89 213.46

16 6.29 18.24 31.87 120.60 114.40
17 6.07 30.59 35.49 139.01 160.30
18 4.80 15.81 28.39 114.34 116.64
19 3.22 10.49 22.23 100.94 117.37



Table 824. Temperature (C)

Week Pointl Point8 Point9 Point12 Point 13

3 21.44 19.57 19.29 15.21 17.71
4 19.50 18.19 17.83 14.57 15.93
5 17.57 16.29 15.86 13.71 13.86
6 19.14 16.71 16.57 14.71 15.86

16 12.71 10.71 10.50 7.86 9.14
17 12.57 10.14 10.21 8.43 9.29
18 15.14 11.50 11.00 9.86 11.86
19 12.79 9.00 10.43 8.29 10.57

Tab1e 13:5. Arsenic concentrations (pg/1)

Week Point 1 Point 8 Point 9 Point 12 Point 13
3 7.90 28.60 49.00 2690.00 2194.00
4 5.60 9.80 69.00 2475.00 1425.00
5 6.80 125.00 291.00 2446.00 934.00
6 11.50 724.00 770.00 1510.00 932.00

16 3.20 14.60 8.10 43.60 30.00
17 1.40 3.40 3.60 16.70 33.00
18 3.00 15.90 10.70 41.90 31.50
19 2.00 10.60 11.50 335.00 203.00

Table 13:6. Cadmium concentrations (pg/1)

Week Point 1 Point 8 Point 9 Point 12 Point 13
3 0.80 41.00 48.00 1220.00 1152.00
4 2.80 38.00 47.00 1247.00 940.00
5 0.60 26.00 46.00 1040.00 652.00
6 0.60 131.00 168.00 943.00 738.00

16 0.60 87.00 86.00 1802.60 1282.00
17 1.00 66.00 143.00 1575.00 1503.00
18 1.60 121.00 185.00 1585.00 1396.00
19 0.80 195.00 256.00 1789.00 1626.00

Table 13:7. Lead concentrations (pg/1)

Week Point 1 Point 8 Point 9 Point 12 Point 13
3 2.10 12.90 15.30 664.00 393.00
4 6.80 4.10 8.80 2830.00 1060.00
5 3.40 26.60 61.00 1950.00 535.00
6 4.30 268.00 255.00 316.00 274.00

16 2.00 1.10 1.20
17 2.20 0.60 1.40 11.00 0.30
18 10.00 0.50 0.60 3.00
19 2.60 1.00 2.60 151.00 162.00




