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RULE EXTRACTION FROM A KOHONEN SELF-ORGANISING MAP FOR
EQUIPMENT CONDITION ASSESSMENT USING NOISY DIAGNOSTIC SIGNALS

Abstract. This paper proposes a method for extracting classification rules for one-dimensional (1D) diagnostic signals from
a trained Kohonen self-organising map (SOM). To validate equipment condition assessment from time-series data, a
classification problem involving second-order curves with similar fragments was formulated. A balanced dataset was generated
from a mathematical model, the SOM was trained, and the corresponding clusters were identified using a multilayer perceptron
(MLP). Rules were extracted using a decompositional approach in IF-THEN form, where conditions were defined in terms of
the best-matching units (BMUSs) of the input signal. The proposed approach enables robust classification of noisy signals. A
software suite for populating a knowledge base with extracted rules was developed. Computational experiments on signal
classification were conducted using both the SOM and a CLIPS-based rule-based system, with the number of antecedent
conditions and the noise factor serving as simulation parameters. The results show that, with the maximum number of antecedent
conditions, the classification accuracy of the rule-based system decreases by 1-3 percentage points depending on the noise factor.
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Introduction

Problem statement. Neural networks have been
widely adopted to solve applied artificial intelligence
problems, including system identification, process
control, decision-making, pattern recognition, data
mining, and medical and technical diagnostics. However,
a well-known limitation of this approach is the lack of
interpretability mechanisms for the inference process,
which is particularly critical in safety-sensitive systems.

One of the most common applied tasks in
equipment condition monitoring is identifying operating
conditions from time-series data. Real-time diagnostic
systems must be computationally efficient while also
providing explanations of their outputs. Extracting rules
from trained neural networks is therefore both a timely
and practically important research area.

Analysis of recent research and publications
sources. A systematic review of rule extraction methods
from feedforward neural networks, along with
contemporary classification criteria for implementing
explanations, is presented in [1].

Three main approaches to rule extraction from
neural networks can be distinguished:

pedagogical — rule extraction for the network as a
whole (the black-box principle);

decompositional — rule extraction for each
individual component of the neural network (the white-
box principle);

eclectic —a combination of the decompositional and
pedagogical approaches.

In [2], an analysis and evaluation of the
effectiveness of rule extraction algorithms across all
three approaches using three datasets was conducted.
Examples of rule extraction algorithms are presented in
[3, 4] (pedagogical), [5, 6] (decompositional), and [7]
(eclectic). A method for generating explanations of
neural network inference is presented in [8].

For state identification from diagnostic signals, the
decompositional approach was applied to the Kohonen
self-organising map (SOM). A key property of the SOM
is its ability to preserve topology by mapping high-

dimensional input data onto a two-dimensional
representation. Rule extraction from the SOM is
discussed in [9] and [10]. In those studies, cluster
identification within the SOM constituted a distinct
extraction stage. In the present work, class labels
(corresponding to equipment operating modes) are
assigned to SOM clusters beforehand using a multilayer
perceptron (MLP) for classification. This SOM-MLP
neural network ensemble enables rapid diagnostics even
from signals with missing data [9].

In addition, extracting classification rules from
diagnostic signals raises the problem of overly large rule
antecedents produced by the SOM. Addressing this
requires a separate stage devoted to identifying the most
informative signal features.

To formalise the rules derived from the mapping
between diagnostic signals and SOM clusters, the CLIPS
expert system language [12] was adopted.

Task statement. This paper proposes a method for
extracting classification rules for 1D diagnostic signals
from a trained Kohonen self-organising map.

To this end, the following objectives are pursued:

1) define the applied task of rule extraction;

2) determine the rule representation format;

3) develop a method for extracting classification
rules from the SOM;

4) experimentally validate the effectiveness of the
proposed method.

The rule extraction task for second-order
curve classification

The task was formulated as the extraction of rules
from a self-organising map trained to classify time-series
data corresponding to second-order curves with similar
fragments, namely the upper arcs of a circle, an ellipse, and
a parabola. To ensure maximum similarity, the parameters
of the analytical equations for the second-order curves and
their domains were carefully selected. The input signal to
the neural network is a set of discrete function values
defining the corresponding curve, with additive Gaussian
noise. The mathematical model for generating training
examples in the dataset is presented in [11]. Each example
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comprises the neural network input signal and the class
(curve label) to which the signal corresponds.

Rule construction is based on matching each
component of the input vector to the grid nodes of the
Kohonen network. Under the unsupervised learning
paradigm, the SOM requires no target vector: it learns to
cluster the data from unlabelled examples. For each input
signal, the best-matching unit (BMU) is computed — the
grid node whose weight vector is closest to the input
signal:

Dist = [¥iZ(x; —wy)?, @
where x; is the i-th value of the input vector, w; is the
value of the i-th weight of the BMU, and n is the length
of the input vector.

Here, the Euclidean distance serves as the metric.

Extracting classification rules from the SOM
requires:

1) a trained self-organising map;

2) a balanced dataset of input signal examples for
rule construction;

3) a known mapping between classes and SOM
clusters.

Rule Representation

Rule extraction algorithms for neural networks can
represent knowledge as mathematical expressions,
symbolic logic expressions, fuzzy logic expressions, or
decision trees. In practice, however, the two most
common types of logical rules are:

IF-THEN (conjunctive): IF conditionl AND
condition2 AND condition3 THEN RESULT;

M-of-N (subset selection): IF (M of the following N
antecedents are TRUE) THEN RESULT.

Under the decompositional approach, the rule
conditions directly reflect characteristics of the neural
network.

An M-of-N rule treats its antecedent as true when
M out of N Boolean expressions representing the network
inputs are satisfied; the consequent is then interpreted
from the neuron outputs. Notably, M-of-N rules can
always be converted into IF-THEN form.

A more general approach to rule representation
relies on first-order predicate logic (typically with certain
restrictions). For example, in [13] the Gyan methodology
is proposed, which encodes the knowledge of a trained
network as restricted first-order predicate rules.

In this work, the extracted rules are formalised
using the syntax of expert system shells to make them
executable.

Among existing knowledge representation models,
the production model aligns most closely with the IF—
THEN rule format. Rule-based systems based on this
model are commonly viewed as an adaptation of classical
logic for artificial intelligence. Accordingly, the rules
extracted from the SOM are expressed here in the CLIPS
language [12]. CLIPS was chosen for its ability to
construct antecedent logical expressions consistent with
first-order logic, including existential (exists) and
universal (forall) quantifiers, as well as for its support of
basic mathematical and user-defined functions.

In the CLIPS environment, rule conditions are
represented as fact templates. Facts can be either
predefined (ordered) or generated dynamically during
rule construction (unordered).

To simplify the generation procedure, rule
antecedents may be built from unordered fact structures;
however, preprocessing the data to identify significant
structures improves rule readability.

For tasks with a well-defined output format (e.g.,
classification), output values are represented as ordered
facts. A similar concept appears in the predicate-based
rule generation approach of [13], where the target
predicate maps to an ordered fact template in CLIPS.

Method for extracting classification rules
from SOM

Classification rules are extracted from the SOM in
the following stages:

Stage 1. ldentifying the BMU for every input
vector in the dataset. All vectors from the dataset are
fed to the trained network, and the BMU is determined
for each:

X; > BMU,, if;

Dist, = min(Dist,, Dist,,...,Dist,,), (2)

where X; is the j-th vector in the dataset, BMUy is the k-
th SOM grid node that provides the best match for the
input vector X, Dist, is the distance between the vector
X; and the weight vector of the k-th SOM grid node (1),
and m is the number of nodes in the SOM grid.

This yields a set of mappings X; — BMUk.

Stage 2. Determining the range of input vector
component values for each BMU. Since a single BMU
may correspond to several input vectors, all input signals
mapped to each BMU are first identified:

X, X X

%, .. XE}->BMU,, 3)

where BMUj is the BMU corresponding to the k-th grid
node, belonging to the set of best-matching units
identified in Stage 1; X is the j-th input vector from the
set of vectors corresponding to the k-th BMU; and v is
the number of input vectors corresponding to the k-th
BMU.

All vectors on the left-hand side of (3) share the
same dimensionality. The maximum and minimum
values among all i-th elements must be found:

X = MUK, Xy, ey X5y ey X), (4)

v/l

where x;* is the i-th element of the j-th input vector
corresponding to the k-th BMU, and n is the length of the
input signal.
The maximum value is determined analogously.
This yields the following set of value ranges:

{(X/k“l mim X/j; max) ( 2 miny )2 max)r " ( i min ijj max)' K
( jn min X/J; max)} >BMU1(I (5)

where xj’§ is the i — th element of the j-th input vector X_]"
corresponding to the k-th BMU, BMU,, is the k-th SOM
grid node that provides the best match for all vectors Xj"
(6), n is the length of the input signal.
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Stage 3. Determining the classes for all BMUs
identified in Stage 1. At this stage, the right-hand side of
(5) is replaced with the class label from the predefined
class-to-cluster mapping:

BMU,:= A,, (6)

where A, is the class identifier from the set SA.
The resulting set of mappings takes the form:

{(X/]“(l min X/[‘{l maX)' (ng mim X/IE lﬂaX)""’
(X/j§min' X/j§max)' (X/j‘lrz min X/J(lrz maX)}'>Ar (7)

Expression (7) is a formal rule suitable for inclusion
in an expert system knowledge base.

Stage 4. Reducing the antecedent dimensionality.
The left-hand side of rule (8) has the same
dimensionality as the input vector; consequently, high-
dimensional input signals produce rules with a
correspondingly large number of conditions. This
increases the size of the knowledge base and slows
down inference. It is therefore beneficial to reduce the
rule antecedent at this stage by removing input signal
fragments that are nearly identical across classes.

For the second-order curve classification task,
regions were identified where the difference in curve

values did not exceed a specified threshold ¢ (Fig. 1).
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Fig. 1. Identification of curve regions for antecedent
dimensionality reduction

The values x; falling within these regions were
removed from all rules (8).
Stage 5. Knowledge base rule representation. In
production form, rules (8) are written as:
if
X1 E[X/]i mim Xﬁ ma)(] & X2 E[X/]E mim
X)g ma)(] &.. & X5 € [Xlljz* min’
then
where X; is the i-th value of the input vector;

®)

jn* max]

xji mink and x; maxk are the minimum and maximum
values among all i-th elements of the input vectors;
A: is the class identifier from the set SA; and n* is the
number of input vector values remaining after the
removal of signal convergence regions (Stage 4).

Stage 6. Knowledge base entry generation. The
knowledge base entries were generated in the CLIPS
language following formula (9).

Fact template representation:
(deftemplate figure
(slot x, (type Float) * (range — 3.0 9.0))
(slot X, (type Float) * (range — 3.0 9.0))
(slot x3 (type Float) * (range — 3.0 9.9))

(slot x1¢¢ (type Float) = (range — 3.0 9.9)))
Example of an ellipse classification rule:
(defrule ellipse
(figure (x; 7x1) * (x2 2x3) * (03 7x3) .. (X50 ? X50)
(test (and (=?7x,2277) * (S ?7x; 2.357)))

(test (and (= 7x, 2.321) * (< ?x, 2.401)))
(test (and (= 7x; 2.342) * (< 7x; 2422)) )

(test (and (= ?7x50 2.342) * (< 2 x50 2.422)) )
=>

(assert (response ellipse))

(printout t The figure is ellipse" clrf))

Computational experiments on rule extraction

Fig. 2 shows the components of the software system
developed to extract classification rules for second-order
curves from the Kohonen SOM under noisy input
conditions, together with the intermediate data.

Training
dataset

Preprocessing »

S0M

Neural network

Proposition
set
Y

Rule generalization

Predicate
rules
\ d CLIPS

Representation in
production rule format DB

Fig. 2. Schematic diagram
of rule extraction for the knowledge base

The neural network ensemble used for classification
is described in [11]; it consists of the SOM (for
clustering) and the MLP (for classification). Table 1
summarises the characteristics and corresponding values
of the neural network, the training sample, and the
training process.

Table 2 presents the conditions and results of the
computational ~ experiments.  The  computational
experiments reveal that, compared with the neural
network, the classification accuracy declines with
increasing rule complexity (i.e., the number of antecedent
conditions):

when 50 features remain after removing similar
signal segments, accuracy drops by 1-2 percentage points;

for 40 remaining features, the drop ranges from 3 to
8 percentage points;

for 30 remaining features, the drop ranges from 3 to
10 percentage points.

Overall, the results demonstrate that rules produced
by the proposed method yield rule-based systems whose
inference accuracy is comparable to the neural network’s.
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Table 1 — Characteristics of the computational experiments

# Category Parameter Value
1 Training sample Abscissa range [-3; 3]
parameters Ordinate range [0; 9]
Noise d = Rand(—x_max/k, x_max/k)

2 Training characteristics Number of SOM training examples 100

Number of SOM test examples 100

Number of MLP training iterations 800

3 Neural ne'_[w_ork Input vector size 100
characteristics SOM grid dimensionality 10x10

Output vector size 3

Table 2 — Results of the computational experiments

Noise factor o
Neural network

10 99
20 98
30 95
40 90
Conclusions

1. To validate equipment condition assessment from
time-series data, a classification problem involving
second-order curves with similar fragments was
formulated. A balanced dataset was generated from a
mathematical model, a Kohonen self-organising map was
trained, and the corresponding clusters were identified
using an MLP.

2. Rules were extracted using a decompositional
approach in IF-THEN form, with conditions defined in
terms of the best-matching units (BMUs) of the input
signal.

3. A method is proposed for extracting 1D signal
classification rules from the output of a trained Kohonen
SOM, enabling robust classification of noisy signals.

4. A software suite for populating a knowledge base
with extracted rules was developed. Computational
experiments on signal classification were conducted
using both the SOM and a CLIPS-based rule-based

Classification accuracy, %

50 conditions

98
96
93
89

40 conditions 30 conditions

96 96
92 91
88 86
82 80

system, with the number of antecedent conditions and the
noise factor serving as simulation parameters. The results
show that, with the maximum number of antecedent
conditions, the classification accuracy of the rule-based
system decreases by 1-3 percentage points depending on
the noise factor.

Since most contemporary expert system tools
employ a syntax similar to that of CLIPS, the proposed
method is readily applicable to other knowledge bases
and can be used to benchmark inference performance.
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Excrpakuist mpaBui i3 camoopranizyBajibHoi kapTu KoxoHeHa 1Uisi BUBHAYEHHS CTaHY 00J1aHAHHS
3a 3allyMJIEHUM AiarHOCTHYHUM CHTHAJIOM

C. 1. lllamoBanoga, O. O. Maxapa, 0. B. Mockanenko, B. M. Titos

AnoTanisi. OG’eKTOM JOCHI/DKEHHS CTATTi € METOMU CKCTPaKilii MpaBWJI 3 HEHPOHHHX Mepex. METOoI CTarTi €
HpeICTaBICHHS METOAY eKcTpakiii npaBun kiaacudikamii 1D qiarHOCTHYHUX CHTHANIIB HA OCHOBI HAaBYEHOI HEHPOHHOI Mepexi
Koxonena. Conclusions: mis tTecTyBaHHs 3a7adi BH3HA4YEHHS CTaHy oOJlaJiHAHHS 332 4aCOBUM PSJOM INMOKa3HHUKIB MOCTAaBJICHO
3amady Kinacugikanii KpHBHUX JpPYroro IOPSIKY 3a IMONIOHMMH (parMeHTaMH. 3a MaTeMaTHYHOIO MOJEIUII0 CTBOPEHO
36anaHcoBaHmil naraceT, nposeneno HaBuamus Kohonen self-organising map, 3a momomororo MLP Bu3naueno BimmosimHi
KJIacTepH; TpaBmiIa eKCTPAKIi BU3HAYAIUCS 32 JEKOMIO3UIIHHNM migxoqoM y ¢opmati IF-THEN, ne ymoBH BH3Ha4ammcs Ha
OCHOBI OJJMHHUIIb HAWKPAIIOT BIAMOBIAHOCTI BXiqHOTO curHany Mepexxi BMU (Best Matching Unit); 3anporoHoBaro MeTo eKcTpakiii
npasui kiacudikanii 1D curHamiB Ha OCHOBI pe3yJbTaTiB Kiacudikanii HapdeHoi HeHpoHHOT Mepexi KoxoHeHa, sikuit 103BoJIsIE
KnacudikyBaTH 3allyMIIeHI CHTHAIM; PO3POOJIEHO MPOrpaMHMil KOMIUIEKC ISl eKCTpakiii mpaBui y 0a3y 3HaHb. [IpoBeneHO
o0uHCITIOBaNBHI eKCIIepuMeHTH 3 Kinacudikarii curaanie SOM Ta Rule based system ua ocHoBi CLIPS, mapamerpamu MoieroBaHHs
sIKUX OyJ1a KiJIbKiCTh YMOB B TIpaBrJiIaX 0a3w 3HAHB Ta KOE(IIieHT IIyMy CHTHAITY. BI3HaUEHO 32 MAKCUMAIBEHOT PO3MIPHOCTI YMOBHOT
YaCTHHU B 3QJIEXHOCTI Bif piBHS IIyMy TOUHICTB Kiacuikarii Ha Rule based system 3nmKyeThCs Bif 1 10 3%.

KinwuoBi caoBa: ekcrpakiiis nmpasui, HeliporHi Mepexi, Kohonen self-organising map, CLIPS, Rule based system, Best
Matching Unit.
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