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Industrial activities fall under the scope of the Seveso Directive as a function of the amount of dangerous
substances present in the site. In this sense, as defined in point 12 of Art. 3 of the New Seveso Il
Directive, “the ‘presence of dangerous substances’ means the actual or anticipated presence of
dangerous substances in the establishment, or of dangerous substances which it is reasonable to foresee
may be generated during loss of control of the processes, including storage activities, in any installation
within the establishment”.

Experience shows that the requirement of declaring the presence of dangerous substances due to a loss
of control of an industrial chemical process is hard to fulfil; in first place due to the complexity of defining a
loss of control scenario and secondly because of the lack of information on the substances that may be
generated when processes do not follow the desired reactive behaviour.

Since the behaviour of chemical substances on a chemical reaction does not follow a random path, this is
an interesting and suitable field where to apply data mining techniques. These techniques intend to identify
empirical regularities observed over a large data set, which are believed to be useful with substance
prediction purposes.

This paper explores different possible techniques that can be applied with the purpose of predicting the
substances that may be generated under loss of control conditions. Suitability of different techniques is
evaluated by measuring its accuracy on the prediction of known scenarios.

1. Introduction

1.1 The problem as defined in the Seveso Directive

It is well known that the Seveso Directive traditionally classifies establishments by means of the quantities
of dangerous substances present in them. For the purposes of the recently issued Seveso Directive,
‘presence of dangerous substances’ means the actual or anticipated presence of dangerous substances in
the establishment, or of dangerous substances which it is reasonable to foresee may be generated during
loss of control of the processes, including storage activities, in any installation within the establishment, in
guantities equal to or exceeding the qualifying quantities set out in Part 1 or Part 2 of Annex I.” [EU, 2012]
This definition means that for a full compliance of the Seveso Directive one must be able to make a guess
on the substances and their quantities that can be generated under loss of control conditions.

However, no definition for “out of control condition” can be found on the Directive. Such a condition may be
defined as: “The loss of control of an industrial chemical process is caused by any event that causes a
deviation high enough that operators are unable to correct it and put the system back to normal operation
conditions”. [Cozzani 1997]

Therefore, in first place operational errors leading to an out of control condition of the system and secondly
the consequences of each out of control condition must be evaluated.

In a chemical establishment, many errors may be posed in a reasonable way that may produce such an
out of control condition. They may go from a mistake while setting a set point on a controller, to a mistake
while loading a reactor due to a wrong order of addition, wrong quantities of reactants, use of wrong
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substances, etc. Therefore not only the starting events but also its evolution must be assessed while
keeping in mind that they must be identified all dangerous substances believed to be generated and their
quantities.

It is clear that due to the great number of chemical substances and possible combinations in a typical
chemical site, it is quite difficult to assess all possible combinations and reactions they may occur in case
of accident. It is also well-known that when a process deviation takes place the risk of decomposition has
to be considered, therefore, dangerous substances may be the products of decomposition reactions, which
usually are not known in enough detail as to describe the potential decomposition products.

1.2 Why Artificial Intelligence techniques?
Even if the state of the art is not able to make computers learn in a similar way to that of a human being, it
is clear that algorithms have been developed which achieved outstanding results on performing certain
tasks which require some kind of what has been defined as learning. Success have been especially
remarkable in fields were the behaviour or phenomena of study may be easily described in understandable
parameters for a computer. Maybe the most important characteristic that must show a problem in order to
try to solve it by using artificial intelligence techniques is that its behaviour does not follow a random
pattern.
If it is assumed that the behaviour of chemical substances on a chemical reaction does not follow a
random pattern, the problem of predicting substances generated under out of control conditions may be a
suitable problem to be solved by using artificial intelligence techniques. The basis lays on the fact that
even if the rules governing this field are hard to conceive in terms of a cognitive process for a human brain,
as they are not random they can be explored by using artificial intelligence techniques.
For the aim of this paper, artificial intelligence is the ability of a computer to solve a well-posed problem
improving its performance through experience. To put it more precisely a definition may be used: “A
computer program is said to learn from experience E with respect to some class of tasks T and
performance measure P, if its performance at tasks in T, as measured by P, improves with experience E.”
[Mitchell 1997]. Taking this definition it is possible to well-define the learning problem by identifying the
task (T), the performance measure (P) and the training experience (E):

= T: prediction of substances generated under out of control conditions.

=  P: percent of substances rightly predicted.

= E:database of chemical systems that underwent out of control conditions with known information

available on present reactants and substances generated for each example.

In any case it is necessary to have a database where data to be analysed is stored, with this purpose a
database, based initially on the EUCLIDE database [Cozzani 1997], has been developed finally containing
529 accidents and 420 substances.

1.3 Define the problem in terms of Artificial Intelligence techniques

The challenge now is to be able to define this problem in understandable terms for a computer without
losing its chemical background.

The target function may be called Predict and its notation is Predict : R — P to indicate that its inputs are
sets of reactants and its outputs are sets of generated products. The representation for this target function
depends on the artificial intelligence technique used.

The representation of information concerning the reactants and products will define the design of the
systems including the database, which in this case will be used as the source of experience for the artificial
intelligence systems. The database will contain information concerning inputs (reactants) and outputs
(products generated under out of control conditions). However, in order to be used as a source of
experience, an artificial intelligence system would have to be able to understand this information, thus
information on database must match target function representation requirements.

Within this work, two different types of notations have been used to represent substances within the
Artificial Intelligence techniques.

In first place, it may be obvious to use substances in order to represent reactants and products. The use of
a substance notation would allow to uniquely identify reactants or products, but if a small part off the
molecule is changed then the match would be lost and the system may loss the capacity to represent
reactive behaviour. In this sense, substances have been taken mainly as output values for the system,
therefore substances are identified specifically and do not have to be guessed by a representation not
considering the full molecule of interest.

On the other hand, if substances were used as input variables to the systems, only substances present
among reactants could be considered among those over which a prediction could be made. Therefore, it is
important to be able to represent reactants in a way that even reactants not present in the database can



be considered on the prediction of the system. To do so the Benson Groups [Benson 1976]&CHETAH
2009] have been used. The use of Benson groups assumes that the functional groups are those who
basically define the reactive behaviour of a system under out of control conditions.

Finally it must be explained that, data will be represented by vectors that may be defined taking into
account the different representations of substances described.

The target function Predict will be given a vector with information concerning a reactive system and will
output a vector containing information on generated substances. The level of information detail used on
the input and output vectors is an important feature when designing the target function representation.

Use of vectors to represent data is quite common among Al techniques, but depending on the technique
and the posed problem each element of a vector may represent quite different things. In this case, given a
vector containing information about a reactive chemical system, the Al algorithm must output a vector
containing information useful to define which substances are generated once the system undergoes out of
control reaction conditions. Experience will be provided through examples contained on a database for
which reactants and generated products are known.

For this reason Artificial Neural Networks are considered a suitable artificial intelligence technique,
whereas other techniques such as Montecarlo or Bayesian inference are not initially selected as prediction
in one case is made randomly and in the Bayesian case hypothesis on predictions would be quite complex
to represent in terms of influence of a reactive mixture.

2. Training and Testing

The way techniques and algorithms performance and reliability is measured is by creating two different
sets of data, the training and the testing one. Both data sets are compiled from available data on the
database, with the particularity that when one example is said to belong to one of those data sets is then
excluded from the other one. Thus one example may not appear both in the training and testing data sets.
Training data set, as its name shows, is the data set that is used to train the system, thus it contains the
data that is showed to the system. The system is then adjusted to well represent data contained in the
training data set.

2.1 Training
Training process consists in showing data on the training data set to an algorithm and allow it to make a

prediction thus being able to measure its own results by comparing them with those on the training data
set, as a result an adjustment of its parameters is made, then data on the training data set is presented
again and a new prediction is done, which is again measured by comparing with available data on the
training data set, result is another adjustment of algorithm parameters. Each time data from training data
set is showed to the system it modifies its parameters. Modification is done according to a certain error
measurement criterion. Then the more times data is presented the better data is represented and the
better performance is achieved. Each time data is presented and parameters are modified is known as a
training step or training pass. Next a figure is presented to illustrate ANN tuning, so-called training,
process:

Inputs | Unknown > Outputs (Target)
Function
Y
System Function - System Outputs
Representation -
A YY
Adjustment Comparison

Figure 1. Training & Testing Scheme.

2.2 Testing
Testing data set contains data that is not shown to the system with training, or adjustment, purposes. The

system is ask to use data in the testing data set to make predictions. In fact, when using this data as input,
the system is making predictions over previously unseen data. By measuring reliability of predictions with



data contained on testing data set it is assumed that results show expectable reliability with data not
contained in the database.

2.3 Overfitting

At this point it is interesting to introduce the concept of overfitting, although this phenomena is quite
specific when working with ANN.

In the former point, data set concept for training and testing was introduced. Basic idea is that when
showing training data set to an Al algorithm it will learn how to well represent this data, and if the data all
over the data base is homogeneous, then it will be learning as well, how to represent unseen data from
testing data set. But this ideal situation is not usually given in a real problem.

When working with an algorithm to measure its performance, results obtained with training data and
results obtained with testing data are compared. Behaviour showing overfitting is that which at the
beginning, on initial passes, both training and testing performances do usually improve, but one point is
reached where performance measured over training data set continues to improve but performance
measured over testing data set decreases.

Overfitting occurs because of the network continues to adjust its parameters to better represent known
data from the training data set, thus improving its performance, but this well-adjustment to known data
decreases the system capacity to generalize over unseen examples, thus performance over test data set
decreases.

3. Performance Measurement

In this point it will be discussed how to finally define performance measurement together with all the
considerations that one must take into account.

3.1 Hits and Errors
In first place they must be defined and discussed different prediction situations and how they will be
considered when measuring prediction performance. It is clear that while making predictions 4 possible
cases are expectable as a result:
a) A substance is predicted, and it is generated in the reaction. When this situation occurs it will be
referred to as a Hit.
b) A substance is predicted, but it is not generated in the reaction. This type of error will be referred
to as B Error.
c) A substance is not predicted, but it is generated in the reaction. This type of error will be referred
as a Error.
d) A substance is not predicted, and it is not generated in the reaction. From the point of view of a
Al prediction system, this is not an error thus is a right prediction, but from the point of view of a
chemist or an engineer this information is not useful at all, since for them it will be quite easy to
elaborate a long list with substances that surely will not be generated from a certain chemical
system. Even more, it must be taken into account that an Al algorithm will always predict
formation or not of all substances appearing as products in the database. In this way the higher
number of accidents contained in the database the higher number of possible substances to be
predicted. Then performance, if measured in this way, may increase without increasing well-done
predictions. When a prediction is a case d) prediction, it will not be considered an error nor a hit. It
will simply not be taken into account to measure performance.
From a safety point of view having an o Error on a prediction is a worse case than having a p Error. But if
algorithms are pushed to predict a lot of substances in order to prevent having any o Error, then many B
Errors may appear, which is neither a desirable situation. Too many wrong predictions, even if they are 8
Errors, will cause prediction algorithms being useless.

3.2 Percentage Performance Measurement
As a consequence of what has been exposed until now, performance measure for the problem of
substance generation prediction by using Al techniques is defined as:

Hits 00 Hits

Performance % = — -100=— .
Hits + o Errors + B Errors Hits + Total Errors

100 (1)

By using this definition as a starting point, error percentage is defined as:



Error % =100— Performance % (2)

As can be seen from definitions above, when using Performance % to measure how good a prediction is, it
is possible that a lower value is obtained on a prediction with a higher number of hits if, at the same time,
this prediction is generating more o or  Errors than another prediction which is well-predicting a lower
number of substances but, at the same time, is committing a lower number of errors.

Performance % may be used as a reference point but results must be analysed by taking into account not
only the number of hits but also the number of errors, and within the errors, it must be remembered that o
Errors have, from safety point of view, worse consequences than 3 Errors.

In order to obtain percentage values as previously defined, the number of Hits and a and B Errors must be
calculated.

4. Artificial Neural Networks (ANN)

4.1 Estructure of ANN

ANN are originally inspired by biological nervous systems, a brief example is given [Mitchell 1997] in order
to illustrate the origins for this biological interest: a human brain is estimated to contain about 0™
neurons, each one connected to other 10* neurons on average. Neuron activity is typically excited or
inhibited through connections to other neurons. Fastest neuron switching times are on the order of 10
seconds. Since it is estimated that takes about 10™ seconds to visually recognise ones’ mother, it is clear
that only few neuron may switch during this time.

ANN structure is constituted by single elements, so-called neurons, which are connected at a time with
other neurons. A neuron receives one or more inputs, which once processed by its internal function,
generates an output. This output may be a final result or an input for one or more other neurons. The way
neurons are connected with each other and the values of those connections, so-called weights, determine
the function that an ANN is representing. For this reason an ANN is not able to give any proper output until
it is trained. Making predictions with ANNSs is generally a low time consuming process, being the training
process the one which is high time consuming.

Results presented in this paper were obtained with Artificial Neural Networks consisting in 3 layers with
two hidden layers and an output layer. All ANN were generated using sigmoid transfer function neurons on
all layers, as well, all layers had the same number of neurons as the output layer, which equals the
maximum number of products able to be predicted.

Tests were run with all chemical levels of representation initially with only 5 data sets and then results with
Boolean Benson Groups were obtained at extreme data set numbers, that is being each instance a data
set itself and using all other remaining instance to train the network.

4.2 Training ANN

When talking about multilayer networks one must talk about the learning algorithm that is probably most
widely used in this type of ANNSs, this is the Backpropagation learning algorithm.

Standard Backpropagation algorithm uses gradient descent to minimize the squared error measured
between ANN outputs and target known values. But many variations on the standard Backpropagation
algorithm were made on the basis of other optimization techniques, such as conjugate gradient descent or
Newton methods. One of these variations is called Resilient Backpropagation. This algorithm is quite
robust in front of net training parameter changes and data errors and shows a quite outstanding
performance compared to other training algorithms [Hagan 1996].

Due to the weight and bias adjustment algorithms, most of multilayer ANNs require having differentiable
neuron transfer functions. In this case, functions such as log-sigmoid, tan-sigmoid or linear transfer
functions are commonly used. Generally speaking, it can be said that a network with a sigmoid layer,
biases and a linear output layer is able to approximate any function with a finite number of discontinuities,
providing that sufficient number of neurons is given in the hidden sigmoid layer [Demuth 2000].

4.3 Results
Next figure shows results obtained with a three-layered ANN when Boolean Benson Groups are used, and
each instance being considered as a data set itself:
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Figure 2. Multilayer ANN Test and Train evolution. Boolean BG. 3-Layered ANN.

5. Conclusions

The problem posed by the Seveso Il Directive has been defined into an understandable way to a computer
and suitable to be solved by Artificial Intelligence systems.

A database, has been developed with prediction purposes containing 529 accidents and 420 substances,
from which 131 appear at least 1 time as a generated product, thus able to be predicted by Artificial
Intelligence algorithms.

Best prediction results are obtained by using Multilayer Artificial Neural Networks. Over a set of unseen
instances, best results are achieved with 3 layered Artificial Neural Networks, which are able to reach a
prediction performance around 55%.

Prediction performance had been initially assessed by random prediction, as a reference it can be said
that a random prediction never reached a prediction performance higher than 2.5%.

Artificial Intelligence algorithms had been proven useful on helping expertise to analyse potentially
generated substances under out of control conditions, thus helping to fulfil the Seveso Il Directive
requirements.
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