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In the process of smelting copper mineral a large amount of sulphuric dioxide (SO2) is produced. This

compound would be highly pollutant if it was emitted to the atmosphere. By means of an acid plant it is
possible to transform it into sulphuric acid, using for this a set of chemical and physical processes. In this
way we dispose of a marketable product and, at the same time, the environment is protected. However, there
are certain situations in which the gases escape to the atmosphere, creating pollutant situations. This would
be avoidable if we exactly knew under which circumstances this problem is produced. In this paper we
present a practical application of KDD techniques to the chemical industry. By means of the obtained results
we show the viability of using automatic classifiers to improve a productive process, with an increase of the
production and a decrease of the environmental pollution.

1 INTRODUCTION

The extraction process of copper from ore, requires
of a very complex production system that makes
necessary the connection of several subsystems,
being each one in charge of a phase of the
productive process. The sub processes carried out by
these subsystems release a set of eements that
instead of being waste material can be used as by-
products (this research has been realised in
collaboration with Atlantic Copper S.A). In several
phases of the productive process, gases containing
sulphur are generated and this is used to produce
sulphuric  acid. With the KDD (Knowledge
Discovery in Databases) (Fayyad,1996) process we
intend to obtain the necessary information about the
functioning of the sulphuric acid production system.
In this research, we have specificaly used
classification (Chen,1996) as Data Mining technique

(Perner 2001). With this technique we obtain rules
that make possible the definition of procedures that
should help to optimise the functioning of the
system.

The goals that we want to reach with the
realisation of this KDD aplication are;
- To identify the parameters that have an influence
on the system behaviour.
-To know the influence degree of each one of the
parameters on the system.
-To know which response is going to have the
system with regard to performances on the
parameters.
-To know the reasons of the periods of instability of
the system.
-To detect possible disturbances.
-To detect unnecessary or damaging proceedings in
the control of the system, and to discover new
actions that have not been taken into account.
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Figure 1: Sulphuric acid production system

-To obtain performance rules that permit to carry out
alater model of the system as exact as possible, and
-To increase the production and minimise the
environmental impact.

With the obtaining of the goals the company will
have: an optimisation of the functioning of the
sulphuric acid production system, a greater
knowledge of the system that will be useful to help
in a later taking of decisions and a reduction of the
production costs at the same time that a greater
protection of the environment.

In order to study the viability of the improvement
of the control of the sulphuric acid production
system, it is essential to know how the system
works, not only from the point of view of its use but
internally. Since at the present time we do not have a
detailed model of the system, it would be necessary
to give the first steps to obtain such model. In figure
1 we show a diagram of the aforementioned system.
Basicdly, this consist in a gas flux system that
contains sulphur in a higher or lesser quantity. By
subjecting the gases to the appropriate processes, we
can use this sulphur to produce sulphuric acid
instead of releasing it to the atmosphere. In this way,
we can contribute to protect the environment at the
same time that we have a marketable product.

In the system there are producers and consumers
of gases. The process consists in canalising in a
suitable way the gases generated by the producers
towards the consumers, in such a way that there is
no production surplus at the same time that the
necessities of the consumers are cared for. The
produced gases are conveyed to the Blending
Chamber (BC), from which they are distributed to
the different consumers.
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The gases are conveyed from a point to another
by blowers. The extreme towards which the blower
works has pressure, while the contrary one has
draught. We say that there is draught in the BC,
when the average pressure is below a prefixed value.
It is of vital importance that we aways have some
stable and already-established values of pressure in
the BC, since an increase of this can cause the gases
to leak out to the atmosphere, what we must avoid in
every moment.

Due to the complexity of the system and to the
great number of parameters and situations that are
continuously given, sometimes the system is not
stable during a certain time (that is to say, there is
pressure in the BC). Although at present time all the
appropriate measures to avoid this have been taken,
a KDD process would help to know which rank of
values of the variables that operate in the system is
the most suitable to maintain a stability in the BC
and to discover, which are the reasons that provoke
instability to the draught in the BC.

2 OPERATIONAL DATA

In our case of study there are sensors that take
measures of different properties or parameters of the
industrial plant. This measures are stored in files,
therefore we have a large database. The KDD
process tries to know why the system doesn’t work
properly.

The results are obtained from the acid factory
data. Each database record consists of the measure
datatime, and the numeric value of 52 diferent
sensors. We have one different record each 2
seconds. We add a new column, called class, to
indicate the system behaviour. An example of the
parameters we are working with is shown in Table 1.
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Rule 3

TCM22 <=1.19833
TCM35 > 9.02952
TCM40 > 9.43208

TCM44 > 0.0140164 -> Class 0 (1015 records)

Figure 2: Example of decision rule

Table 1: Descriptions and measurement units of several

parameters
Parameter | Description M esur ement
name unit
TCM4 Opening Valve of the | %
smelting furnace
TCM12 Real value of | mbar
pressurein BC
TCM42 Desired value of | mbar
pressurein BC
TCM37 Blower Velocity Rpm

The tool used to get these results is C4.5
(Quinlan,1993). It is one of the most used in
classification. We have chosen this tool because the
resultant rules can be easily interpreted by the
industrial chemistry experts.

We are working with a real system, so a change
in one of the parameters in the instant of time t can
be reflected in the class in the instant of time t+At.
At is a difficult value to know because it is the sum
of the different phisical delays of the system. So, the
value of the class in arecord in a determinate instant
of time could come about a change in the parameters
of the previous instants of time. Changes will be
recorded in previous database records. The results
have been obtained without consideration of delay.

3 THE KDD PROCESS

The KDD process is a cyclic process. The results
obtained in each period change as the KDD process
stages develop. In order to obtain enough accuracy
in the rules extracted from the data, different
preprocessing stage prototypes have been tested and,
therefore, different Data Mining process results have
been obtained.

3.3 First stage

In afirst stage, the operations performed in each step
of the process can be reduced to:

o Data selection: A study of the correlation
between columns was realized. One column was
selected from those that were highly correlated
(correlation higher than 0.8), eliminating the others
since we can consider that they provide the same
information to the KDD process.

» Cleaning: As the data come from areal industria
system, we have to check some problems that could
appear, and in that case we have to solve them:

1. Itis possible that some parts of the system are
not working in the moment of the data acquisition
(for example, because of a failure), so errors in the
sample taking can be produced. These errors are
shown as out of range values for that parameter in
the whole data or as a constant value. Each possible
error was detected and eliminated from the
respective parameter study.

2. During some specified periods of time,
because of unknown reasons, the data acquisition
can be incorrect (of all the parameters or only some
of them). We have to look for each row of the file
corresponding to incorrect data acquisition and
eliminate from the study the respective period of
time information. After the data selection and
cleaning stages, 36 columns were selected from the
starting 57.
¢ Coding: A new column named label or class with
aClass 1 or Class 0 value was added. The value of
this column is set by the value of the parameter
named TCM 12 (see Table 1). What we have to study
is when the draught exists in the BC. Talking to the
expert, it was established that there is pressure when
the TCM12 vaue is in the interva [-2.7, -2.3]. In
this case, we can assume that the system is working
in an optimum way. Then, we have a Class 1 record.
On the other hand, it is said that the system is not
working in an optimum way when the TCM12 value
is not between the interval [-2.7, -2.3]. In this case,
we have a Class 0 record. The assignment of these
classes is necessary to create the training file which
the Data Mining algorithm works with, since it is a
supervised learning process.

When the data preparation step is finished, the
knowledge extracted from the Data Mining
algorithm is represented as decision rules. A rule has
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Figure 3: Graphic representation of Rule 3

two parts, the antecedent and the conseguent. The
antecedent is the group of conditions that are
established on the parameter values and the
consequent, in our case, is one of the classes
assigned to the file. In Figure 2 it is shown an
example of the decision rules obtained during the
process

The expression “Rule 3" indicates only one label
assigned to the rule. The rule in Figure 3 express that
if TCM22 <= 1.19833 and TCM35 > 9.02952 and
TCM40 > 9.43208 and TCM44 > 0.0140164 then,
the class is Class 0. If al the antecedent conditions
are true, the system would not be working properly
since a Class O is obtained as consequent. Moreover,
parenthetically, it is shown the number of records
from the training file that fulfil that rule. This value
gives us a sign of the importance of the rule. If the
rule is true in a high percentage of the records, this
indicates that we are in front of a frequent situation
for the system. If a record fulfils the antecedent of a
rule, but not the consequent, that is, fulfils the
parameter restrictions but is of a different class, it is
considered as alearning mistake.

To have a more intuitive interpretation of the rule
for the industrial expert, a graph where the
maximum and minimum values that the parameter
can take (grey color) and the specified rule value
(black color) are shown, has been included (Figure
3). When TCM22 takes low and medium values
(below 1,19) and TCM 35 does not take high values,
when TCM40 takes medium and high values and
TCM44
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takes medium and high values, the system operation
is not optimum (Class 0).

In Table 2, the operations performed on the data
after the preprocessing step are summarized.

In this first stage, only rules whith apparition
frequency is 1% or higher have been taken into
account. The file has 43201 records, so, only rules
that are true in more than 430 records will be shown.

In further studies, rules with a lower apparition
frequency can be taken into account, if neccesary.

Table 2: Data preprocessing

Number of records before 43201
preprocessing

Number of columns before 57
preprocessing

Number of records after 43201
preprocessing

Number of columns after 36
pr eprocessing

Number of recordswith Class 1 9804
Number of recordswith Class0 33397

The total number of errors covered by eachruleis
specified in Table 3. The number of classification
errors found by each rule during the training process
is shown parenthetically. The number of errors
compared with the number of instances gives us an
idea of how “reliable” arule is. For example, rule 2
is true in 1075 records, but with 29 errors. This
means that from the 1075 times in which the
condition is fulfilled (antecedent), a Class 1 appears
29 times, instead of a Class 0. When there is nothing
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Figure 4: Graphic representation of Rule 14

to say, it means that the rule does not have any
classification errors.

3.3.1Resultsand conclusions of thefirst stage.

Having analized the rules, it is found that the
parameter TCM37 (Factory 3 Blowers speed) is the
most determining one in the rules 1,2,4,5 and 10 for
avery high range of valuesin each one.

Table 3 Records covered by each rule

Rule | Number of records covered | Class
by therule

1 1025 (72 errors) Class0
2 1075 (29 errors) Class 0
3 7493 (1614 errors) Class0
4 478 (11 errors) Class0
5 718 (9 errors) Class 0
6 1096 (338 errors) Class 0
7 1824 (458 errors) Class0
8 1001 Class0
9 443 Class0

TCM37 aso affects rules 6 and 8 although in
these rules it is just needed that the parameter
reaches high values.

In consequence, high values or very high values
of TCM37 imply pressure in BC. This is the way
this fact might be explained: TCM37 refers to the
blower speed which extracts the gas from BC to the
acid factory. Besides, this blower is the most
powerful one among the three blowers used to
extract the gas from the BC. When the blower
reaches a very high speed for along time, it is not
possible to extract more gas because it is working at
its maximum. That produces an accumulation of gas

in the BC which creates pressure, and therefore,
Class 0 records.

The extracted rules involve parameters from
different subsystems in its predecessor, which makes
its explanation difficult to an expert. Then, it was
necessary a higher decrease in the number of
parameters if we wanted that the ones which took
part were the most significant ones. This idea would
make the rules easier to understand. To reduce the
system as much as possible, it was thought to work
with the TCM to obtain a productive system
equivalent to the 3 productive systems and another
one with the consumers. This way the system would
only consist of a productive system, the blending
chamber and a consuming system.

The Class 1 rules that can be deduced from the
data, gather a very low records pecentage, and
therefore, not very much significant. In order to
know if the system is working properly, more Class
1 data are needed, or at least, a significant number
of them compared with the Class O ones. Besides,
the study could be improved if the TCM 12 group of
values could be separated in more classes, not only
Class 0 and 1. We could have 3, 4 or 5 m ore classes
to express the different states of the system.

Table 4: Number of instances of each class

Range of | Class Number of | 1%

values instances

(TCM42- of each

TCM12) class

(-0,5..05) |OK 29843 298

(05..15) | Pressure 7393 739

(1,5...+inf) | High 1295 13
pressure

(-1,5..-0,5) | Draught 3825 38

(-inf...-1,5) | High Draught | 845 8

From the results obtained in the First Stage, we
can conclude that, although these results were
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satisfactory, more useful rules could be found if the
number of parameters was reduced and the number
of classes was increased. With these changes, a
second stage of the KDD process could be
developed. In this stage, the preprocessing step
could be done again to prepare the data for the new
circumstances.

3.4 Second Stage

In this stage, the study is a consequence of the
possible improvements that were found after the first
stage. The differences between them are;

¢ Inthe first stage, the value of the class depended
on a calculus on the TCM 12 value. However, Class
0 was detected corresponding with a correct
behaviour of the system was set by the expert to
solve some situations. To solve this problem, it is
neccesary to think of another way to calculate the
class. The new classes are obtained calculating the
error between the draught set point value in the BC
(measured by TCM42) and the real draught value in
the BC measured by TCM12. We obtain: Pressure,
High pressure, Draught and High Draught.

¢ To reduce the number of parameters, we must
take into account the blowers and valves that take
the gas to BC and the blowers and valves that extract
gas from BC. Table 4 shows the range of values
corresponding to each class and the amount of
instances of each class. We have selected only those
rules that are true in more than 1% of the instances
of its class. The fourth column expresses the value
that indicates if we can consider that aruleistruein
a significative number of cases.

Table 5: Number of records covered by therule

Rule Number of Class
Identifying |records covered

by therule
7 215 (2 errors) Pressure
8 216 (1 error) Pressure
14 714 (14 errors) |OK
15 801(38 errors)  |OK
16 840 (44 errors)  |OK

3.4.1Results and conclusions of the second
stage

We don't have a lot of instances of classes: High
pressure, Draught and High Draught , so the rules
with these classes are not categorical enough.

Table 5 shows the most representative rules of
each class obtained in the second stage. These rules
have a graphic representation, as we show in the
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Figure 4.Developing the second stage, we can get
rules that describe the optimal behaviour (class OK).
However, these rules are easier to interprete by the
human expert.

4 CONCLUSIONS

Using data from a real industrial process, we have
developed a KDD proccess. We have obtained a set
of classification rules that approach the system
behaviour. We have two stages in our KDD process.
In the first stage, we worked with two classes, and a
high number of parameters. In the second stage, we
worked with the most significative parameters of
each subsystem, and 5 classes only. In this paper, we
describe all the stages of the process and the most
representative rules. The rules obtained from the
KDD process have hel ped the human expert to know
the range of vaues in which the system works
properly. With this analysis we probe the viability of
using authomatic classifiers in a productive process,
with an increase of the production and a decrease of
the contamination.Future works will study the errors
due to the system delays and develop a method of
obtaining rules with delay.
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