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Abstract. Ensuring reliable and trouble-free operation of all railway and high-tech systems
remains a priority task in the field of scientific developments related to operation and
modernization of such complexes. The aim of the study is to develop and refine a machine learning
method for the automated detection system (ADS) of functional states of railway transport
components and assemblies. The objectives include: creating a glossary of feature realizations for
each class of anomalies or faults; determining the minimum size of the training matrix and
permissible deviations for feature implementation; developing a binary training matrix (OUFT)
and optimizing its structure to improve detection accuracy. Analysis of existing NDC methods and
machine learning algorithms (K-means, DBSCAN, FDBSCAN) was performed to build binary
matrices and cluster features. The proposed approach optimizes the ADS training process, reduces
computational complexity, and improves anomaly and fault detection in railway components and
assemblies. Algorithms for parallel optimization of fault detection features and measures to
enhance DSS accuracy in automated diagnostics were proposed. The developed machine learning
method and ADS structure allow the creation of error-free decision rules for the diagnosis of
railway transport components. This approach improves the accuracy and reliability of decision
support systems and automated detection systems for functional anomalies.
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AnHoTanusi. bapibIK TeMipIKOJI )KOHE JKOFaphl TEXHOJOTHUSIIBIK KYHEIEep/IiH CEHIMII )KOHE
aKayChI3 JKYMBICHIH KaMTaMachl3 €Ty — OCBl CAJaHbIH FHUIBIMHU 3epTTEyJIepiHAeri OachiM
MIHJETTepAIH Oipi. 3epTTeyAIH MaKCcaThl — TEMipKOJI KOJIITIHIH TOpanTapbl MEH arperarTapbliHbIH
(GYHKITMOHATIBI KYWiIH aHBIKTAUTHIH aBTOMATTAHIBIPBUTFaH KYlieHiH (ADS) MalmMHaIBIK OKBITY
OMICIH 931pJiey JKOHE KeTUIaipy. MiHmeTTepi: akayjap HeMece aHOMaIHsUIap KJIacChl OOMBIHITIA
Oenrinep ce3nirin xacay; ADS OKpITy MaTpUIIaCHIHBIH MHUHHAMAJIIbI OJIIIEMIH jKoHE Oenrinepui
XKYy3ere achlpyFa pyKcar eTinreH aybITKyaapabl anbikray; OUFT OuHapIibIK OKBITY MaTpHIIACHIH
o3ipJiey KOHE OHBIH KYPBUIBIMBIH OHTAWIAHABIPY apKbUIbI aHBIKTAy AQNAITiH apTThipy. NDC
omicTepi koHe MamMHAIBIK OKbITY anroputmaepi (K-means, DBSCAN, FDBSCAN) tangansi,
OMHApPIBIK MaTpHLATIAPAbI KYpY JKoHE Oenriiepai KiacTepley >Ky3ere achlpbUIIbl. ¥ ChIHBLIFAH
Tocismt ADS OKBITY MpOIIECiH OHTaMIaHIBIPAIBI, €CENTEY KYPACIUIITIH TOMEHIETE Il )KOHE aKayJsap
MEH aHOMaNMsJIApIbl aHBIKTayda THIMAUTIKTI apTThipanbl. CoHAail-ak, akaylapAbl aHBIKTAy
OeNriyepiH Mmapajiesb OHTAWIAHIBIPY AJTOPUTMIEP] YCHIHBUIABL JlalbIHIAIFaH MaITWHAJIBIK
OKBITY 9/1ici MeH ADS KypbUIBIMBI TEMIPKOJ KOJIITiHIH KOMIOHEHTTEPIH AUAarHOCTUKAJAY YIIiH
KaTEeJKCI3 MeniM KaObIIaay epeKesepi xkacayFa MyMKIHAIK Oepeai. ¥ ChIHBUIFaH TOCUT MIenTiM
KaObUIAay KYHenepi MEH aBTOMATTaHABIPBUTFAH aHBIKTAY JKYHeNIepiHiH JoJIIiri MeH CeHIMIUTITIH
apTThIpaJbL.

Tyiiin ce3aep: aBTOMATTAaHABIPHUIFAH AHBIKTAY XXYHECi, TEMIpKOJI KOJIiri, MalIMHAJIBIK
OKBITY, OWHApJIBIK MaTpula, KIacTepiey, KOMIIOHEHT JMarHOCTUKACHI, (yHKIHMOHAJIbI
JKaranap

Hoiiexcoznep ymin: I'. Epkengecoa, B. Jlaxwo. Tewmipkon kemiri amcrneTdepiHiH
aBTOMATTaHJBIPBUIFAH JXyHecinae nepekrepai karap exaey // Kazakcran enpipic kemiri. 2025.
Tom. 22. Ne 85. 2943 Get. (Arbut. Ti.). https://doi.org/10.58420/ptk.2025.85.01.003.

Myanesep KakTbIFbICBI: ABTOpJap OChI Makajiaga MYIIelep KaKTBIFBICHI KOK JeIl
MOJIIMIEN .

KOHIHENTYAJBHOE IOCTPOEHUE MOJEJIN JJIA ABTOMATHU3UPOBAHHOM
CAMOOBYYAEMOMU CUCTEMbBI ®YHKIIMOHAJIBHOI'O KOHTPOJIA 1
JETEKTUPOBAHMUSA ) KEJIE3HOJOPOKHOI'O TPAHCIIOPTA
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AnHoTtanusi. O0ecrieyeHne HaACKHON 1 Oe3aBapuiHON PabOTHI BCEX KEIE3HOIOPOKHBIX
1 BBICOKOTCXHOJIOTHUYHBIX CUCTEM ABJISACTCA OZ[HOﬁ N3 MPUOPUTCTHLBIX 3a/1a4 B O6J13.CTI/I Hay4YHBbIX
pa3paboTOK, CBS3aHHBIX C OKCIUTyaTallue W MOJEpPHHU3AIMEeH TaKuX KOMIUIEKCOB. llenb
HUCCIICOA0BAaHUA — pa3pa60TKa u YTOYHCHUC METOo4a MallIMHHOT O O6y‘-IeHI/I$I JJISL
aBTOMAaTHU3UPOBAHHOW CHUCTeMbl oOHapyxkeHHs (ADS) (yHKIHMOHATBHOTO COCTOSHUS Y3JI0B U
arperaTtoB Kelle3HOJAOPOKHOTO TpaHcmopTa. OCHOBHBIC 3a/laydl BKJIIOYAOT: (OPMUPOBAHUE
rioccapus TMPU3HAKOB JUISl KaXJOro Kjlacca aHOMalMi WM HEHCIPaBHOCTEH; OmpeesieHue
MUHHMAJIBHOTO pa3Mepa MaTpulbl 00ydenuss ADS u 10nmyCTUMBIX OTKIOHEHHUH Ui pean3aliiu
MIPU3HAKOB; pa3paboTka omHapHOU MaTpuIlel 00ydeHuss OUFT u ontummzarus e€ CTpyKTyphbl 1S
MOBBIIICHUA TOYHOCTHU pacCllO3HABAHMUA. HpOBC,Z[eH aHaJIn3 CYHICCTBYIOIIUX MCETOJ0B NDC u
npuUMeHseMbIX anroputMoB MmamuHHOro oOydeHus (K-means, DBSCAN, FDBSCAN) nns
MOCTPOCHHU OWHAPHBIX MATPUIl U KJIACcTepU3allui NMpu3HakoB. [loka3zaHo, YTO MpeioKEeHHBIN
MOJXOJ TO3BOJSET ONTHUMM3UPOBATh mpouecc oOydeHus ADS, cHukas BBIYHCIUTEIBHYIO
CJIO)KHOCTB M TIOBBIIIAs 3()(hEeKTUBHOCTH pACIO3HABAHMS AaHOMAJIMK M OTKA30B Y3JIOB U arperaros.
boumn  chopmupoBaHBl aNrOPUTMBI  MapajlIeNIbHOM  ONTUMHU3ALMU  KOHTPOJIA MPHU3HAKOB
HEUCIPAaBHOCTEHN U MPEAJIOKEHBI MEPHI 110 MOBBIIEHUIO0 TOYHOCTH DSS B aBTOMaTH3MpOBaHHON
IuarHocTuke. Pa3paboTaHHBIA METO MAlTMHHOTO OOy4YeHHUs U CTpykTypa ADS obecneunBaroT
BO3MOXHOCTh CO34aHUA 68301HI/160‘-IHLIX MMpaBHUJI TPUHATUA pGH_IeHI/Iﬁ 11 JUAarHOCTUKU
COCTOSTHUSI KOMIIOHEHTOB JKE€JI€3HOJOPOKHOTO TpaHcnopTa. [IpeanoskeHHblil Mo1X0/1 O3BOJISET
YIy4lUIUTh TOYHOCTb M  HAJNEKHOCTb CHCTEM IOAJNCPKKH IPUHATHUS PpELICHUN U
ABTOMATU3MPOBAHHBIX CHCTEM OOHAPYKEHUS (PYHKIIMOHAIbHBIX HapYIICHHI.

KiroueBble c10Ba: aBTOMAaTH3UPOBAaHHAS CHCTEMa OOHAPYKEHUS, KEJIE3HOJOPOKHBIN
TpPaHCIOPT, MAalIMHHOE OOydeHue, OWHapHas MaTpula, KilacTepu3alus, JUarHOCTUKA Y3JIOB,
(yHKIMOHAJIBHBIE COCTOSHHS

Juas murupoBanusi: I'. Epkennecosa, B. Jlaxno. [TapamnensHas o0paboTka JaHHBIX B
ABTOMATH3MPOBAHHOW CHCTEME MAHCIIETYepa JKEIE3HOJOPOKHOTO TPAaHCIOPTHOTO cpeacTta //
[Tomprmnennsrii Tpancnopt Kazaxcranma. 2025. T. 22. No. 85. Crp. 29-43. (Ha amr.).
https://doi.org/10.58420/ptk.2025.85.01.003.

KonduukT uHTEpecoB: aBTOPHI 3asBISAIOT 00 OTCYTCTBUH KOH(DINKTAa HHTEPECOB.

Introduction.

Ensuring reliable and trouble-free operation of all railway and high-tech railway systems
remains one of the priority tasks in the segment of scientific developments related to the
implementation, operation and modernization of such high-tech complexes. As has been shown
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by many scientists who have been engaged in research in this direction, in order to increase the
operational reliability and service life of the main systems, components and assemblies (SCA) of
locomotives, timely identification (detection) of their defects is necessary, even before an
emergency occurs. This problem is solved by the functional control system directly during the
operation of the control system. In addition, in practice, the recognition classes characterizing the
possible functional states of SCA intersect in the feature space, that requires defuzzification of
fuzzy data. When using a quantitative scale for measuring detection features, an effective method
of such defuzzification is the use of machine learning. This approach makes it possible to transform
the a priori fuzzy partition of the space of features for detecting anomalies in operation and faults
of SCA into a clear set (Schickert, 2005: 807-815; Aydin, 2012: 1-6; Le Mortellec, 2013: 227—
240; Papaelias, 2008: 367-384; Jin, 2009: 8-25).

One of the promising approaches that need further development of the synthesis of a
functional control system of SCA of RT is the use of ideas and methods of information-extremal
intelligent technology (IEI-technology), based on maximizing the information capacity of the
decision support system in the training process of the automated detection system of SCA.

The solution of the problem, in particular, is associated with the need to form on the basis of
known and new features (i.e., which were not initially entered into the knowledge base of the
automated detection system - ADS) of the so-called object used for training (OUFT). This object
is a matrix based on the realizations of the features of anomalies in the operation of SCA.

Materials and methods.

Within the framework of the article, the following tasks are solved:

- to form a glossary of feature implementations for each class of anomalies or faults, as well
as an alphabet of classes in terms of fault detection objects (FDO)

- to determine the minimum size of the matrix that is used in the training process of the ADS
(OUFT) (subject to the requirements for its representativeness);

- to determine the normalized permissible deviations for the implementation of the features
of recognition (detection) of anomalies or faults in the operation of the control system of railway
rolling stock.

In order to obtain an input mathematical description of the ADS, it is necessary to study and
analyze in detail the features of operation of the primary sources of information, from which the
ADS system receives data on the certain realizations of the features of faults. For example, in
existing methods and means of NDC, there are used devices as primary sources of information.
The mathematical model of ADS in general form as a set-theoretical structure can be represented
as follows (Lakhno, 2017: 5778-5786; Dovbish, 2009: 171):

Ay =(IS,T,RS,SS,08,11,®), (1)

where [S— a set of input signals that are processed in ADS;

T — moment of time to obtain information about the state of the detected system, node or
assembly;

RS — a set of feature implementations that are used in the process of detecting faults;

SS — a space of possible states for a system, node or assembly that are subject to the NDC
procedure;

OS — a set of data that is obtained at the output from the module for primary processing of
signals (information), for example, from the NDC tools. Or the module of primary data processing
— PDPM;

IT : IS xT x RS — SS — transition quantifier (used to record changes in the state of SNA,
which are subject to detection during their operation. It is assumed that a change in states can occur
under the influence of internal or external factors)

® :IS xT x RS — LM — formation quantifier of the set LM (learning matrix — m).

The Cartesian product of sets IS, T, RS, SS is used as a universe UT" of tests during ADS
testing
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UT = 1S xT x RS x SS. (2)

The ADS scheme, which includes a software module with self-training elements, is shown
on Figure 1.

The quantifier OO: CI’ —RC" is used to divide the space of realizations of the OR features
(faults or anomalies in the operation of SCA or — faults detecting objects — FDO) into two
recognition classes.

The classification parameter OC 1is used to test the statistical assumption (that is, the
hypothesis) that the FDO belongs to a certain class of faults or anomalies in the operation of SCA.

After assessing the hypotheses using the quantifier /1y, there is formed a set AR” that

characterizes the accuracy of detecting the corresponding faults or anomaly in the operation of
SCA (i.e., FDO).

It is accepted that { - the number of statistical assumptions, is = ¢ — the number of
characteristics that can be processed in the ADS for SCA of the railway rolling stock.

e [S X T x RS xSSxC

op

CR

Fig. 1. Schematic diagram of the ADS software module

The quantifier ot forms a set CR that allows to implement the procedure for assessing the
efficiency of detecting faults or anomalies in the operation of SCA within a class.

The quantifier 0 closes the detection loop and is used to optimize the system of control
deviations from templates (norms) that are stored in the ADS repository.

Quantifiers @, : ISxT xRS xSSxC — LM and D, LM = 1 are used to form the
input matrix used in the training process of the ADS (ITM) and in the organization of the binary
training matrix (BTM), respectively. Here C - a fragment of data for detection.

The set CE is closed sequentially by quantifiers o, : CR - CE and oa, :CE — LM A,

These quantifiers allow to change the realizations of FDO features for different classes in the
process of training ADS.
A quantifier LP:CR — IS xT x RS x 8§ x C 1is used to regulate the ADS training process.
Based on the conceptual scheme of the ADS operation, presented on Figure 1, we will
formulate the following formalized statement of the problem of information synthesis of the ADS
elements. Let the alphabet of FDO classes {CL?‘S = ﬁ} and a multidimensional binary matrix used

for training (MBMT of FDO) which, accordingly, characterizes the m — th functional state of SCA
for a specific recognition class CL?, be known:
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W) ) ) )
T

0] =
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P ) 5
W e ) e ]

In expression (3), the following designations are adopted: row of the matrix —
{mg)izl,_N representation, N — the number of informative
(/)

8,0

implementation of the FDO

Jj= I,_n} that is used

realizations of features used to detect SCA; column - a stochastic sample {m

during training for a sample of size n.
A clear organization of the glossary of realizations of recognition (detection) features (or

GFDO) is a prerequisite for ADS. The procedure for filling GFDO Z M , where N = DS Z M ,

is implemented as a sequence of actions aimed at formalizing the realization of features. In this
case, the primary features characterize directly the failure of SCA, and the secondary features are
derived from the primary ones.

As primary realizations of features, you can use parameters that are read from certain sensors
or experimental data obtained directly, for example, during the implementation of the methods of
the NDC SCA of railway rolling stock.

Various statistical characteristics can be used as secondary realizations of FDO features, for

example, vectors of realization of a certain class {m(j-)‘i =1,_N}, training set {mf’[) j= I,_n} for

OUFT, etc.

The alphabet of FDO classes {mf} for ADS is formed at the first stage by the system

developer with the involvement of specialists in diagnosing faults of the railway rolling stock.

At the second stage, the synthesis of the alphabet continues with the help of intelligent
systems and technologies, for example, with the help of DSS or expert systems (ES) (Lakhno,
2017: 5778-5786; Dovbish, 2009: 17; Zhang, 2015: 419-432; Giantomassi, 2015: 1770-1780),
which are capable of directly operating in the mode of cluster analysis of input data.

As was shown earlier in (Papaelias, 2008: 367-384; Jin, 2009: 8-25; Mariani, Pastore,
Pezze, 2011: 486-508; Huang, 2013: 974-981; Orban, 2009: 2287-2298; Yella, 2006: 10-20;
Bhowmik, 2013: 1-18), in case of the invariability of the glossary of the realizations of features
of FDO and an increase in the capacity of the alphabet, it is possible to change the asymptotic
characteristics of ADS. Accordingly, this factor can significantly affect the functional efficiency
of the training procedure for such systems. This is, in particular, due to an increase in the degree
of intersection of classes of faults or anomalies in the operation of ADS, which are subject to
detection.

For a more convenient implementation of the procedure for creating a container, the
following assumption is made: there is a container (CON) (Lakhno, 2017: 5778-5786; Dovbish,
2009: 171), which allows consideration of the optimization parameters of CON in a binary feature

space (BFS - RS,), for some standard vector, for example, ¢/, € CL’ . The vertex of the vector

defines the geometric center of CON - C?. To calculate the radius (container radius), taking into

account the works (Lakhno, 2017: 5778-5786; Dovbish, 2009: 17; Zhang, 2015: 419-432;
Giantomassi, 2015: 1770—1780), the following expression was used:
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N
r=2 el ®¢) @

i=1

where ¢/, — i-th coordinate of the standard vector Cls ;

; ; — 1 -th coordinate of the vector ; for FDO realization, the vertex of which refers to the
container C; € CL;

N — number of realizations of FDO features in the ADS knowledge base.

Results and Discussion.

The advantage of the K-means algorithm is its low computational complexity, while the
algorithm works well when a large amount of data is processed. The DBSCAN algorithm is rather
slow with a large amount of data. In the tasks of automatization of the SCA diagnosis, as a rule,
the data volumes are small and the use of the K-means algorithm does not give a tangible effect
(Lakhno, 2016: 32—44).

Let’s suppose that a series of measurements of the values of the controlled realizations of
features in FDO for SCA of the railway rolling stock has been carried out, and the resulting matrix
has the following form:

0 1 1 1
0 — |
m =
- 1 1 0
1 1 ... — ... 0

Thus, the set of objects to be checked belonging to a class is specified by binary features. A
dash indicates the uncertainty of the realization of the feature for FDO.

More detailed research results of the procedures for the formation of binary matrices used
for training in recognition systems are given in (Lakhno, 2017: 5778-5786; Dovbish, 2009: 17;
Zhang, 2015: 419-432; Giantomassi, 2015: 1770-1780), as well as in US patents: US
2011/0208714 A1; US9294502 and others.

We will assume that in order to assess the functional efficiency of a self-training ADS, it is
also necessary to take into account the effect on the parameters of its operation of a structured
vector of space-time parameters V =<V,,...,V,,...,Vps >. We also take into account the
corresponding restrictions RC, (v1 yeuesVis ) < 0. Using the technology of training ADS, the task of
determining the optimal parameters of the vector {vc} in the field of determining MaX of the
information criterion of the effectiveness of training ADS is set as the resulting goal of the training
procedure (Lakhno, 2017: 5778-5786; Dovbish, 2009: 17):

CR; =maxCR,_, (5)
: < :
where CR_ —information effectiveness criterion (IEC) of the ADS training procedure during
the detection of the FDO class CL] ;

V- permissible values of the parameters of ADS functioning.
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Thus, during the information synthesis of ADS, it is possible to partially solve the problem
by determining the optimal values of the parameter VZ:

v, =arg CR, (6)

Vi

where V, — the range of permissible values of the parameter V.

Let’s consider the procedure for the DSS functioning as an element of ADS in the training
mode "with a teacher", i.e. the case where there is a matrix used for training.

As a result of working with the multidimensional information space of the realization of
features of FDO ADS for the railway rolling stock, it is possible to obtain a binary training matrix
(BTM) {CL;' }, which consists of structured vectors-implementations of the image of the

corresponding anomaly in the operation of SCA or their fault:

cl’ :<cls(f1),...,cl(j) ,cl%} (7)

5,000

The binary training matrix is also used to assess the verification of permissible deviations in
the detection process (or the permissible deviations verification/control system — PDCS). PDCS

i =1,N |, as well as the parameters that determine the sample of coordinates of binary vectors

for the standard classes of FDO, are subsequently stored in the ADS database.
For example, Figure 2 shows an example of converting component temperature
measurement data in decimal and binary form for ADS.

ECATHUHOR
Me n/m A JABoKMUYHOE NpeAcTaBNeHKe
npeacraeneHue
Ccl 73 0100 1001

2 98 4 o1100010 N

C3 99 F i 0110 0011 %
ca 115 0111 0011
cs 129 1000 0001
C6 140 1000 1100
c7 18 0001 0010
ca 200 1100 1000
9 201 1100 1001
C10 240 1111 0000 FJ
C11 56 0011 1000
12 236 1110 1100

Fig. 2. An example of the formation of a binary matrix for training ADS

Similar binary training matrices can be obtained for other units of measurement that are now
used in the NDC tools. At the same time, the use of binary data representation is much more
effective precisely in systems based on machine learning methods and intelligent technologies for
data analysis, which was previously shown in (Dolezel, 2016: 1-6; Lakhno, 2016: 32—44; Lakhno,
2016: 18;Lakhno, 2017: 5778-5786; Dovbish, 2009: 17; Zhang, 2015: 419-432; Giantomassi,
2015: 1770-1780).

In the DSS training mode as a part of ADS, a binary matrix OUFT is formed over a period
of time 7, which is fed to the input of the DSS software component module responsible for the
ADS training procedure. Note that the formation of OUFT should occur for a predetermined level
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of confidence to the generated OUFT matrices. Many works in the field of machine learning
systems have been devoted to this issue (Jin, 2009: 8-25; Lakhno, 2016: 18; Dovbish, 2009: 17;
Giantomassi, 2015: 1770-1780).

Figure 3 shows the process of forming the structure of the matrix used for training ADS.
Moreover, the formation of the structure occurs in stages, including the vectors of realizations
{cll(j )}e CL(I) and {Clgj )}e CL(;, respectively (Lakhno, 2017: 5778-5786; Dovbish, 2009: 17,
Zhang, 2015: 419-432).

To create such a matrix, only the important characteristics of FDO should be selected. That
is, the characteristics that uniquely distinguish some realizations of features of faults or anomalies
in the operation of SCA within the class from others.

All possible values of each FDO property can be encoded in binary form (Giantomassi, 2015:
1770-1780), or using non-negative integers (Lakhno, 2017: 5778-5786; Dovbish, 2009: 17;
Zhang, 2015: 419-432), where zero corresponds to an undefined value of the FDO property. This,
in particular, makes it possible to take into account the missing, new, or not yet provided values
of the FDO properties.

Two-
feature T mensional
space dimensional |
matrices,
The result of the
@ formation of
MBTM
A A A i I ... ..
. - * - - - >
A A A\ N A
' ' '
0 0 0
CL] crL, ... CL’.

Fig. 3. Scheme of work with the multidimensional information space of the realizations of features of FDO ADS for the railway
rolling stock

As an illustration, Table 1 shows an example of the process of forming a binary matrix and,
accordingly, clustering the realizations of features in the process of detecting SCA using NDC
tools based on the acoustic control of the components of the railway rolling stock (Dovbish, 2009:
17; Zhang, 2015: 419-432; Giantomassi, 2015: 1770-1780).

This effect is used in various devices that make it possible to implement acoustic control of
rolling stock components and assemblies, see Figure 4.
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Fig. 4. Fragment of the automatic analysis of the sound accompanying the passage of the rolling stock of the undamaged
(a) and damaged (b) rolling surface of the wheelset of the railway rolling stock

Eddy current NDC is widely used in various branches of the scientific and industrial complex
of Kazakhstan and other countries, due to the high efficiency and reliability of solving problems
of flaw detection, quality control of materials and products, determination of parameters and
characteristics of objects of control for various purposes (Lakhno, 2016: 32—44; Lakhno, 2016:
18;Lakhno, 2017: 5778-5786; Dovbish, 2009: 17; Zhang, 2015: 419-432).

Table 1. An example of the formation of clusters and a binary matrix for OUFT for detecting
the state of the rolling surface of a wheelset of the railway rolling stock (Fig. 4).
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By combining the data into compact clusters, it is possible to analyze the typical
representatives of each cluster and decide whether such data is a realization of a feature of a fault
or anomaly in the operation of the SCA or not. Then this solution is transferred to all
representatives of the studied cluster. This approach significantly reduces the amount of
information required for the successful classification of FDO.

Since clusters can take complex forms in the multidimensional space of feature realizations,
some authors have proposed various algorithms for clustering feature realizations. So, for example,
in the works listed below, the application of the methods and algorithms K-means, DBSCAN,
FDBSCAN (Lakhno, 2017: 5778-5786; Dovbish, 2009: 17; Zhang, 2015: 419-432), etc. is
described, see Figure 5.
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Fig. 5. Examples of data clustering based on DBSCAN and K-means algorithms in diagnostic systems

It was shown that the computational complexity of algorithms used in a binary space for
realizations of the detection features of SCA (BSFR) of the corresponding class (classes) depends
on the optimal container shape for the corresponding class of the object of detection.

After the formation of binary matrices that are used as objects in the process of learning of
the automated system for diagnostics (detection) anomalies and failures in the operation of nodes
and aggregates of the rolling stock, there are created binary trees of anomalies or failures signs
clustering, see Fig. 6,7.
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Fig. 6. Normal behavior of the detected nodes and aggregates of the railway transport rolling stock
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Fig. 7. Anomalies or failures signs clustering of the detected nodes and aggregates of the railway transport rolling stock

Conclusion.

In this case, the amount of recognition signs varied within N =9-15. The optimal amount of
clusters was selected at the maximum values of ICFE. As the analysis of the results showed the
optimal amount of clusters is equal to C =3.

Figure 4 shows a histogram of the dependence of the ICFE value for variants of the
dictionaries of the anomalies and failures signs of nodes and aggregates from the amount of steps
of the SADS learning algorithm {w}, shows the dependence of ICFE from the amount of signs
used to train the system for failure diagnostics and detection.

Analysis of simulation results showed that the use of an algorithm with 5-10 signs of
learning is quite effective in SADS. That is, for this case, the ICFE reaches its maximum value.
This, in turn, indicates the possibility of creation error-free decision rules in failure diagnostics
and detection.

In the SADS testing mode a sufficient amount of steps {w} for accurately determination of

anomalies and failures classes were w = 2500 — 3000.

Et
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Fig. 8. Dependence of the max ICFE value for variants of the dictionary of anomalies and failures signs of nodes and
aggregates of the simulated railways transport systems
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Fig. 9. Diagram of the dependence of ICFE from the amount of signs realizations used for SADS

In the situations when during the simulation process and at the creation of an algorithm for
recognizing anomalies and failures of nodes and aggregates of railway transport there were added
representative sets of greater length, the efficiency of the algorithm was the same. Adding
representative sets of shorter length reduced the efficiency of the algorithm.

The article proposes clarifications and additions to the machine learning method of the
automatic detection system (ADS) of the functional state of components and assemblies of railway
transport. As well as the corresponding model and machine learning algorithm, which, in contrast
to existing solutions, are implemented by parallel optimization of control permissions for the
features of fault recognition of SCA. Such a solution allows, in the future, to create effective
decision rules for intelligent decision support systems (DSS) and ADS of faults and for diagnostics
of the state of components and assemblies of railway transport.
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