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Abstract — At present, artificial intelligence methods are implemented in many computer programs. One
such intelligent technique is Case-Based Reasoning (CBR). This approach is proposed by the authors
for use in an intelligent system to choose cleaning methods for exhaust gases from nitrogen and sulfur
oxides.
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Introduction

Case-Based Reasoning (CBR) is an approach that allows to solve a new, unknown problem,
using or adapting the solution of an already known problem, ie. using the experience already
accumulated in solving such problems. The main concept in CBR is precedent (example, case) —
a structured representation of experience in the form of data and knowledge, which provides its
further automated processing by specialized software systems. The method of inference on
precedents or CBR is considered as one of the approaches of artificial intelligence or data mining.

Case-Based Reasoning

Let's see how CBR works. The life cycle of a CBR is shown in Fig. 1. Often CBR is called
the 4R method [1-3]:

1. Retrieving — search for precedents;

2. Reusing — reuse;

3. Revising — revision (adaptation) of the selected use case;

4. Retaining — approval and preservation of the decision.

As you can see in fig. 1, the life cycle in CBR-based systems consists of these main stages
or phases.

The critical phase in CBR is the first phase, namely the search for the most suitable old
solutions for adaptation (Retrieving). The tricky part is that it's not always obvious how relevant
the old case is. CBR considers similar problems to have similar solutions. The formalization of the
similarity significantly affects the quality and speed of the CBR system. Note that the similarity
score depends on the subject area. When using complex structures to represent use cases, assessing
similarity can be very time-consuming. Also, an increase the base of cases leads to a decrease in
the efficiency of extraction, since more cases have to be analyzed. To solve this problem, the so-
called indexing of cases is used. Indexing problem is one of the main ones in CBR. It includes
questions such as: the type of indexes to use and how to organize the index search. A trivial
solution to the problem is to use all the input characteristics of a case as indices.

Various attempts are being made to use CBR in combination with various machine learning
techniques. It can be seen that a number of works have recently appeared, where it is proposed to
combine CBR with artificial neural networks of different types [4, 5]. For example, authors [5]
propose an approach called NOD-CC, which is a combination of convolutional neural networks
and case-based reasoning (CBR).
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Fig.1. The life cycle of CBR.

A feature of the CBR approach and its implementation in software systems is its narrow
specialization, that is, focus on solving specific problems in a limited subject area. As the analysis
of the publication has shown, the applications based on the CBR approach for the tasks of chemical
technology practically does not exist.

Decision-making system for the choice of methods for cleaning exhaust gases from sulfur
and nitrogen oxides

This article shows the possibility of constructing an intelligent system using CBR to solve
the urgent problem of chemical technology, namely, the choice of methods for cleaning exhaust
gases from nitrogen and sulfur oxides. First of all, the collection of data for the formation of a base
of precedents was carried out. The Case base keeps about 150 methods for cleaning exhaust gases
from nitrogen and sulfur oxides that were formed by the specialists and the first version of the
system was based on the rules [6]. However, the set of rules was not enough for searching relevant
solution very often.

In the proposed system, it was possible to apply case characteristics as indices. The following
characteristics of precedents were considered:

1. Degree of purification;

2. Initial concentration;

3. Temperature,

4. The presence of impuirities;

5. Product;

6. Material consumption;

7. Energy consumption.

All these characteristics (attributes), except for the fourth and fifth, are given as numerical
values with given units of measurement and can be easily normalized. The presence of impurities
and the resulting product are categorical attributes with a certain set of values (classes).

The question now is, what metrics and method of similarity assessment will be appropriate
to use in the developed system? The first two phases of the CBR lifecycle — Retrieving and
Reusing — use the k-nearest neighbor method. There are many types of metrics that can be used



to find close precedents — metrics like Heming, Mahalonobis, etc. The simpliest of them is
Euclidean metric. It was used for estimating the distances between cases in the developed system.

During the third and fourth phases of CBR, the intervention of the decision maker is
provided. The Revising phase — the adaptation of the relevant precedent is not necessarily
automated procedure, rather it is a dialogue with an expert in a specific area. The process finished
with the adoption of the found solution and the possible storage of this solution in the base of
cases.

Conclusion

An intelligent decision-making system is proposed for the choice of methods for cleaning
exhaust gases from sulfur and nitrogen oxides, based on the Case-Based Reasoning. The task was
formalized: an indexing method and a metric for assessing similarity were selected. The work of
the system was checked on test examples.

It is planned that the presented system will be a subsystem in the Decision Support System
for the choice of methods for cleaning exhaust gases, which can use other decision-making
methods [7]. The proposed CBR-based methodology, which has proven its effectiveness in making
decisions on the choice of cleaning methods, can be extended to other technological problems,
where enough solution options have been accumulated in the past. Of course, adapting old
solutions is unlikely to lead to innovation, but finding solutions based on proven experience will
always correspond to less uncertainty.
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