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Abstract

A copper refinery is a very complex system influsshby an almost uncountable number of parame-
ters. The chemical quality of the anodes, the mlaysjuality of the anodes and the starter shdweds, t
electrolyte, the kind, the amount and the actieitghe inhibitors, all of them have an influence on
the quality of the cathodes, on the current efficie and on the energy consumption, just to high-
light some of the parameters.

The major goal of this survey is to find a modeltthelps to predict the current efficiency and the

energy consumption based on some material, plahpeotess conditions. For model building a set

of recorded parameters as model input have beeh osest of them describing the chemistry of the

anodes and the electrolyte. The second goal isdioout which of the used input parameters have a
major impact on the model output and if some ofrtlean be neglected for modelling the process.

For building the models novel neural network amttiire as an alternative to the common multi
layer perceptron special network architecture edus the completely connected perceptron. That
completely connected perceptron has several adyesta approaching the optimal network size,
especially in preventing from over sizing neuraiwvegks.

For estimating the impact of the input parametershe model quality sequential forward selection
is used, a method used in statistics for estimatiegnfluence of any model input on the resulting
model. Neural networks create data driven (heugjistiodels, thus the data need to be partitioned
into training and testing subsets. Since the impéctata selection generally biases the model re-
sults, multi-fold cross validation technique is dise overcome that problem.

Introduction

In principle the refining of copper in a tank housea simple process. Copper and all elements

which are not as noble as copper are dissolved &noranode and at a cathode the noblest element
out of the electrolyte — copper — is predicted mg&iements which are more noble then copper are

not dissolved and are collected as a part of the@slime. But the process itself — dissolutioarof
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anode and electro crystallisation of copper iona eathode — is very complex. A refinery needs to
be highly efficient, so the whole process shoulcc@gied out under high current density and low
energy consumption. A lot of parameters are inftirgmn the process, most notably are

Chemical and physical anode quality
Electrolyte composition

Amount and distribution of inhibitors
Temperature

Current density

Although a lot of information regarding the mairrgaeters are well known it is hard to do an ac-
curate forecast in terms of current efficiency andrgy consumption.
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Figure 1: Copper Refinery at Montanwerke Brixleggstria
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The major goal of the presented work is to foretlastcurrent efficiency and the energy consump-
tion of the copper sheets based on the followifigrimation:

First or second cathode crop

Name of group where the anodes are placed in

Chemical composition of the anodes
Chemical composition of the electrolyte

In a secondary copper smelter the chemical composif the anodes is different every day and

very often there are different charges in one tamkse cell at the same time. Therefore mean and
standard deviation values of the chemical compsitif a particular charge load are calculated for
further usage.

As soon as a reasonable forecast in terms of dueféniency and energy consumption could be

given the system should suggest a strategy to fffereht anode charges based on their chemical
composition.
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Neural Networks

Neural networks find their archetype in biologyeyrare a simplified imitation of the human brain.
Nowadays they are mainly designed as software ragste simulate the operation of a biological
nervous system. Neural networks have the capazitgarn, memorize and create their own rela-
tionships amongst data with the advantage thatonmédl description of the underlying physical
model is required. They provide more intuitive $imnos with good predictive accuracy to compli-
cated problems. Neural networks are routinely dusestore human experience & know-how, recog-
nize relations, make decisions & predictions, aamnachines and for a lot of other tasks. Neural
networks use learning algorithms to tune outpuispats and they are useful in situations in which
rules are not explicitly available, and in whichppang inputs to outputs are easier than analyzing
the underlying reasoning process. The technologydsly used in the fields of

Enterprise Data Analysis - Medicine & Bioinformatics
Financial Services - Defence

Network Management - Speech Recognition
Machine Vision - Robotics

Neural networks are no longer the grist of scieint@n writers; the field has matured in the last
decades and found so many technical, financiagnsiic and other applications that the notion to
use neural networks for solving real world problamslonger needs a "sales pitch" to the manage-
ment in many companies.

Technology

The used technology is primarily based on an algaorithat supports highly flexible network archi-
tectures and on the application of innovative tebbgies into neural networking. Using the com-
pletely connected perceptron (cp. Figure 6) therefor a successful and efficient neural network
design and training reduces dramatically. The imgletation of

Adaptive network initialization

Intelligent input neurons

Local adaptive learning rules, parallel learning
Heuristic approach to network size

Superior stopping criteria

Multi-fold cross validation

Automatic network QC

enables the design of almost every network ardoitedor any task and ensures several advantages.
During modelling the focus lies on the real probland there is no need to deal with network de-
sign, parameter tuning, data normalization andhedke in most cases extremely time consuming
tasks.
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The Problem of Over Sizing

Although multi layer perceptron architectures wéhd without short-cut connections and with

unlimited number of hidden layers and hidden nesirare available the completely connected per-
ceptron (CCP) was used solely. The CCP is a marergkclass of perceptrons embracing all pos-
sible multi layer perceptrons. Using CCP’s a hdigrigpproach to an optimal network size is really
efficient, accurate and thus excellent resultatained in finite time.

The size of a neural network is characterized lgyrthmber of hidden neurons and the network
complexity by the number of hidden neurons andhgyrtinterrelationship, e.g. by the number of
hidden layers in a multi layer perceptron archieet If the network is too small it will not com-
pletely solve a particular problem or parts ofaihd a too complex network has the tendency to
memorize the data (Figure 2). It concentrates tachhon the data presented for learning and tends
toward modelling the noise. These cases are caliddr fitting and over fitting respectively.
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Figure 2: Oversized vs. Regular Model

Intelligent Input Neurons

Input neurons are on the whole simply data disgas;hthey capture the data receiving at the net-
work and pass them over to the succeeding neuregardless of their magnitude and bias. Since
the succeeding neurons require the data in a pktishape — e.g. to prevent from operating in the
saturated zone — the data need to be normalized forilearning. To prevent from normalisation
prior to training especially with respect to thangeally unknown optimal method, that part is inte-
grated into the learning process of the neural agtvand yields in combination with the adaptive
network initialisation an optimal shape for thetiadinetwork weights.

Intelligent input neurons may be considered asoreuthat are promoted to participate at the learn-
ing process instead of being only simple data désga.. The normalization of the input data is more
sophisticated since it is dynamic. The normalizaparameters are optimised throughout the whole
learning process yielding faster and more accuesslts. No more pre-processing with respect to
normalisation of the data is necessary.
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Local Adaptive Learning

Learning means updating the synaptic weighisifwrigure 3) of a neural network in a way that the
actual network output approaches as close as pesisddesired output.

Figure 3: Artificial Neuron

Many different and highly sophisticated learninggesuhave been developed, they may be partitioned
into three major groups,

Global learning
Local learning
Local adaptive learning

All of these require a learning rate that state nauch a weight will change with respect to the
local error gradient (cp. Figure 4).
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Figure 4: Learning

If that gradient is small then the step is smadl tompared to a large gradient with identical learn
ing rate. So it is hard to accept that a singlenieg rate, as applied in global learning, is aole
fulfil the requirements of all the (hundreds orubkands) of synaptic weights, each of them encom-
passing most likely different error gradients. siacal learning rules is more sophisticated since
each weight has its private learning rate, but ribeéess the training process is jeopardized by im-
proper selection of these learning rates. Undulatim steep error valleys and very slow conver-
gence on flat error gradients can slow down thevosi training process dramatically.

Local adaptive learning rules have, as in convealitocal learning, no single learning rate respon-
sible for the particular weights. Each weight hisaurse its private learning rate, but, and thags
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crucial feature, each of these learning rates angircuously optimized during the whole training
process yielding an extremely fast learning spdddoughout the integration of local adaptive
learning rules the question for an optimal learniatg is no longer a major issue for a successful

training of neural networks.

Optimal Network Size

The selection of an optimal network size is stilbig issue since there is up to now no analytical
solution to that problem available. One acceptableroach to that problem is a heuristic one, train-
ing several networks with increasing complexityngsa learning subset of the training data and
concurrently observing the error of a validatiobset. After training is completed, the network with
the lowest validation error is the preferred ona. étracted testing subset of the data is used for

QC (cp. Figure 5).

Learning

Validation

Testing

Avalilable Data

Figure 5: Creation of Data Subsets

Using multi layer perceptron architecture that apph has two dimensions, each of them covering
an infinite number of possibilities yielding intawd major questions,

How many hidden layers
How many neurons per hidden layer

To answer these questions in finite time is stilbig issue since there are infinite times infinite
combinatorial possibilities to that approach. Tep@nd to that issue a migration from thinking in
layers to thinking in blocks will be a useful way.
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Figure 6: Multi Layer Perceptron (MLP) vs. Complgt€onnected Perceptron (CCP)
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Between input and output layer are no more anrarlgiand, as a matter of fact, unknown number
of hidden layers, but only one hidden block. Thatk covers the hidden neurons in a manner that
all of them are forward connected in all possilenbinations, cp. Figure 6. That kind of network
architecture is called a completely connected ymtroe [2].

The question still remaining is how many hiddenroes are within the hidden block? The ap-
proach to the optimal network size accomplishes mova one dimensional heuristic way (cp.
Figure 7).
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Figure 7:  Growing Networks (CCP)

The training process starts with an arbitrary numdfehidden neurons, adding one hidden neuron
after one and retraining each enlarged networknaddiis process is repeated until a proper solution
is obtained (cp. Figure 8).

Cphimal
Fy Metwork Size

Error

l Modelling

b ;
8; [ -P“EIS-E -

=

Metwork, Size

Figure 8: Growing Network Errors

Adaptive Network Initialisation

Prior to training neural networks require an iditralue for their synaptic weights. These values
may be negative, positive or even zero, Dependinthe initial values, the network error — the dif-
ference between the actual and the desired netwdgut — is located at a particular position on top
of the hyper dimensional error surface. If thatakian is far away from the global goal and if there
are several local minima in between the actualtipmsat the surface and the global minimum, the
chances are very likely to trap into one of thealouninima (cp. Figure 9).

To overcome that problem neural networks are setieras initialized and trained, each time with

different initialisation values for the weights cdem randomly. To overcome further the manpower
consuming process of re-initialisation and re-fragnseveral networks with identical architectures
but different initialisation values were created drained automatically. That network that yields
the best solution after training has been compliststbred for further application.
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Figure 9: Approaching the Best Solution

Model Building

The major goal is to find a model that helps tadprethe energy consumption and the current effi-
ciency based on some material, plant and procestitams. Depending on the available knowledge
and data such a model can be created in differagswf a full knowledge about the underlying
modus operandi (cp. Figure 10) like the physicatlmemical mechanisms behind is available, it is
knownwhich parameters are needed as input for that modehawdo transform that input into the
desired output. That model is deterministic.

modus operandi

Figure 10: Approaching the Best Solution

If there is a lack of knowledge about the undedymechanisms it is necessary to make some as-
sumptions about the model characteristics andaddsot the model input. In that case some statisti-
cal methods are used to create the model, e.gi Inelar regression. If too many assumptions con-
cerning the model input parameters are made, ossible to refine the input using exhaustive
search or some sequential selection methods [1].

If such a statistical model is still not meeting tlequirements heuristically model builders can be
used, for example neural networks. Although neoetWorks provide a premium tool for creating
quick and efficient such kind of models, theretifi so information available about the input pa-
rameters necessary for successful modelling.

So itis a good idea to start modelling from sdratath all input parameters that might be important
and use exhaustive or sequential selection mettwodsfine those input parameters. In the current
case neural networks have been used as heurigtinalile! builders using the set of recorded pa-
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rameters shown in Table 1 as input for a prelimyimaodel. That preliminary model is later on re-
fined by sequential selection of the input paramsed@d thus eliminating eventually some of them.

Table 1:  Data used for preliminary model input

# Parameter' Unit Comment

1 crop cathode crop

2 group group name

3,4 av(Cu) std(Cu) % copper

5,6 av(Ag) std(Aqg) ppm silver

7,8 av(02) std(02) % oxygen

9,10 av(Ni) std(Ni) % nickel

11,12 | av(Pb) std(Pb) % lead

13,14 | av(Sn) std(Sn) % tin o
15,16 | av(As) std(As) % arsenic kS
17,18 | av(Sh) std(Sh) % antimony S
19,20 | av(Fe) std(Fe) ppm iron

21,22 | av(Zn) std(Zn) ppm zinc

23,24 | av(Bi) std(Bi) ppm bismuth

25,26 | av(Te) std(Te) ppm telluric

27,28 | av(Se) std(Se) ppm selenium

29,30 | av(MFR) std(MFR) mole fraction rate-|

31,32 | 7d(Cu) 14d(Cu) gll copper

33,34 | 7d(Ni) 14d(Ni) gll nickel o
35,36 | 7d(H2S04) 14d(H2S04) g/l sulphur acid >
37,38 | 7d(Cl) 14d(Cl) g/l chlorine %
39,40 | 7d(As) 14d(As) g/l arsenic %
41,42 | 7d(Ca) 14d(Ca) g/l calcium

43,44 | 7d(Sb) 14d(Sb) g/l antimony

The first parameter crop describes the first oosdanode crop and the group parameter indicates
the group name (A-P) as shown in Figure 1. Paras8&t&0 are derived from the chemical analysis
of the different anode charges. For each particgtaup weighted mean values and their corre-
sponding standard deviations are calculated. THe fraxction rate is calculated by

+

The parameters p=74.92 g/mol, w=121.76 g/mol and ¥=208.98 g/mol denote the mole
weights of the particular elements — arsenic, aoiyrand bismuth.

Parameters 31-44 are derived from the chemicalysisabf the electrolyte. Since a cathode crop
cycle is 7 days and an anode cycle is 14 daysnbbss values averaged over 7 and 14 days are
used as preliminary model input.

Tav(*) ... average value, std(*) ... standard deviatita(*) ... 7 days average value, 14d(*) ... 14 daysrage value
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Preliminary Model

For training neural networks data on both sidethefmodel are required. The input data are used
for calculating the output of the network. The dedioutput — the energy consumption and the cur-
rent efficiency — is used mainly for learning, l@iso for validation and testing purposes. So the

available dataset needs to be partitioned intob3ets. The learning subset covers the most part of
the data (60%), the validation and testing sulisetls include 20% of the data. Concerning the net-

work architecture the completely connected peroepfcp. Figure 6) has been used with active in-

put neurons as applied e.g. by Fruhwirth et alf¢2}he prediction of drilling hydraulics.

To prevent from over sizing the networks the CQRaming started from scratch without any hid-
den neurons which is equivalent to multi linearesgion. After completing the training of that firs
network generation, the network size is increasedrie hidden neuron and the new network gen-
eration is trained again (cp. Figure 7). That nekngrowing process is repeated until no further
improvement in model (validation) error can be etpd. In the example shown in Figure 11 the
growing was stopped after 11 generations. Oveitrgiis prevented in each generation by selection
of the optimal training point based on the validaterror. To prevent from trapping in local error
minima (cp. Figure 9), within each of the netwodngrations 10 networks of same architecture but
with different initial weights are trained in pded) the network with the lowest validation errer i
selected as best network for further decisions.
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Figure 11: Model Errors vs. Network Size

Partitioning the training data into their corresgimy subsets biases the final model in an unwanted
direction. As a consequence a multi-fold crossdadion technique is used to overcome that prob-
lem. The available data are partitioned 5 timegioanly into the particular subsets and each of
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those 5 resulting data subsets was used for tgathie networks as illustrated above. Since each of
that network generations is trained 5 times théiqudar model errors was averaged yielding one
generational error for each of the learning, valataand testing subsets. The averaged validation
error was used as criterion for selecting the opitinetwork generation.

Figure 11 shows as an example the model erroreeehergy consumption data. The solid lines
represent the minimum and maximum error valuesthadlue diamonds the averaged validation
errors in each generation. Generation 1, equivatentulti linear regression, has the largest averag
validation error, about 15.5 kWh/to. Using onlyitiden unit yields a slight improve in model qual-

ity, using more complex networks gives again ahslijmprove of quality. The best network genera-
tion, indicated in Figure 11 by the yellow diamoriths an average validation error of about
14 kWh/to. The test error is in the range of 1255¥Wh/to for that particular generation, the maxi-

mum test error is about 17 kWh/to.

Since 5 models are used in that best generatiorobtteem has to be selected as the final model.
Although any of those 5 models could be used ad firodel the distance from the validation error
of the particular network to the average validateoror in that generation was chosen as selection
criterion.

Final Model

To estimate the dependencies of the model refetarige input data, several possibilities are avail
able. An exhaustive search for example requirBsLjull training runs whereas sequential selec-
tion methods like sequential forward selection exguential backward elimination [1] require only
N~ (N+1)/2 training runs. N denotes thereby the numbeavailable input parameters, in the cur-
rent case N 44. So an exhaustive search would take12- 17.6” 10" training runs whereas the
sequential forward selection requires only 99Mtrg runs.

Sequential forward selection was used in this stlidstarts with creating models using exactly one
input parameter. So in the first step all netwogkeyations were trained by using only the parame-
ter crop as input, followed by training again all generatiausing only the parametgroup as input.
This process is repeated until the last of therdpiti parameters is used as single model input. From
those 44 created models the model usirap as single input is the best one since it hasdivest
average validation error in its best generatioouald6.5 kwWh/to (Figure 12).

In the second step now 43 training runs are comaglbly usingcrop as fixed input and adding al-
ways exactly one of the remaining 43 parameterseasnd model input. In each of these training
runs again all generations are trained to findapgmal network. As most import additional input
the parametet4d(Ca)was detected. So the second most important irguthe model is the 14
days averaged calcium content of the electrolyteat orocedure is repeated until all of the input
parameters have been processed.

Proceedings of EMC 2007 11



Fruhwirth, Pesl, Filzwieser, Steinlechner

Figure 12 shows the importance of all of the awddanput parameters in building the specific en-
ergy model. The most important parametecri. Building a model with crop as single model in-
put yields a model error of about 16.5 kWh/to. \gsine second most important paraméiéd(Ca)
will decrease the model error down to about 15 Ka/h/

Adding std(O2) 14d(Cu) av(Sb) av(Te) group av(Pb) 7d(As)and 7d(Cl) will still decrease the
model validation error down to a level of aboutki8h/to. Adding more input to the model will no
longer improve the model quality since the validatierror remains constant at the level of
13 kWh/to. So the final model input consists of fingt 10 parameters as shown in Figure 12.
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Figure 12: Sequential Forward Selection — Speéifiergy

Since multifold cross validation is used for modeilding, a good estimate about the model quality
is available. The red diamonds in Figure 12 detinéeaverage test errors, averaged over the 5 cross
validation results, and the dark error bars theitipular standard deviations. The blue dashed line
denote the minimum and maximum error values oftéisé data subsets. It can be seen that the test
error values decrease until the final model inputr@nnel7d(Cl) is reached, adding more input will
not improve the test error. The test error of thalfmodel is at a level of about 12 to 15 kWh#o,

the expected error using data the model neverdes!sefore the same error can be expected.

In analogy Figure 13 shows the importance of althef available input parameters in building the
efficiency model. The most important parametergisup followed by 14d(NI), crop, 7d(Ca)
14d(Sb) 14d(Cl) 7d(Cl) and14d(Cu) Building a model using more than that 8 inputapaeters
will no longer increase the model quality.
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Figure 13: Sequential Forward Selection — Efficienc
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Conclusion

To forecast the current efficiency and the speafiergy consumption of the tank house of Mon-
tanwerke Brixlegg, Austria, by use of computatioinélligence techniques two models are created.
Both models are data driven (heuristically) and tlisechemical analyses of the anode charges and
the electrolyte, the cathode crop and the nambeo§toup where the anodes were placed in as input
for preliminary models.

Although the amount of data was little, the usexhpeeters are valid over a period of 15 month, for
the complexity of the electrolyses system the mdoiethe energy consumption yields a predicted
accuracy of 13-15 kWh/to and that for the efficigan accuracy of 1.5-1.8 %. In addition the main
parameters affecting the model quality and thusptieeliction accuracy are identified, that parame-
ters are known as critical ones.

Further work will optimize the efficiency and thpegific energy. It should be possible to use the
neuronal models to optimize the strategy mixindedént anodes charges to increase current effi-
ciency and decrease specific energy consumption.
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