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Abstract. Prompt and accurate diagnosis of failures in ship power plants (SPPs) is essential for ensuring maritime
safety, minimising operational risks, and optimising maintenance strategies. With increasing system complexity,
heterogeneous data sources, and limited historical failure records, conventional diagnostic methods often prove
insufficient, especially in scenarios involving rare or ambiguous faults. The purpose of this study was to develop
an interpretable, adaptive, and probabilistically grounded methodology for assessing similarity between failure
cases within SPPs for use in intelligent decision support systems. The proposed method integrates Euclidean,
Jaccard, and logistic similarity metrics with Bayesian inference, temporal degradation modelling, frequency-based
weight correction, and contextual smoothing of affected subsystems. The model employs L-BFGS-B optimisation to
automatically adjust metric weights according to diagnostic relevance. Numerical experiments based on synthetic
case data revealed high classification accuracy: 96% for failures related to cooling system overheating, 84% for
bearing degradation cases, and 92% for fuel supply irregularities. Even with a 40% reduction in training data
volume, the performance drop did not exceed 7%, indicating strong resilience to data sparsity. The visualisation of
decision boundaries demonstrated the model’s ability to distinguish overlapping failure classes while preserving
semantic interpretability. Weight optimisation results identified “failure type” as the dominant factor, while “risk
category” and “affected subsystems” had negligible impact and were excluded. Bayesian aggregation further
improved the credibility of diagnostic conclusions by combining local similarity with global statistical priors.
The developed methodology can be effectively applied by marine engineers, ship operators, and developers
of intelligent diagnostic platforms for fault detection, root cause analysis, and predictive maintenance under
conditions of uncertainty and incomplete information. Its modular structure also allows extending it to other
complex technical domains beyond SPPs

Keywords: decision support system; Bayesian aggregation; adaptive weight coefficients; case-based failure
analysis; probabilistic metric; similarity of technical conditions

INTRODUCTION

In modern complex technical systems (CTS), prompt high system performance. The increasing complexity
and accurate failure diagnostics of equipment plays a and heterogeneity of CTS have driven the widespread
key role in ensuring uninterrupted operation, safety,and  adoption of intelligent diagnostic methods based on
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reusing accumulated experience, among which the
case-based reasoning (CBR) approach stands out. Fail-
ure diagnosis based on CBR involves comparing the
current situation with previously recorded failure cases,
where the effectiveness of the similarity assessment
between cases is fundamental. Determining similarity
between cases is the core task of CBR systems, as the
quality of this assessment directly influences the accu-
racy, relevance, and promptness of diagnostic conclu-
sions.Many approaches have been proposed to improve
similarity assessment accuracy - from classical metric
functions to hybrid machine learning methods and
logical models. However, despite the progress, existing
solutions often face a series of limitations: poor scala-
bility, insufficient adaptability to heterogeneous data,
and limited interpretability of results.

Adaptive fuzzy logic systems developed by
L. Dubchak et al. (2024) demonstrated high adaptability
and noise resilience in fault detection tasks. However,
industrial-scale application is still limited due to the
need for further validation on multidimensional heter-
ogeneous datasets. According to S. Ren et al. (2020), in
the field of low-carbon product design, effective simi-
larity determination between cases plays a critical role.
The researchers developed a model that considers both
similarity and adaptability for knowledge reuse and de-
sign adaptation. B.M. Mathisen et al. (2020) argued that
similarity metric learning based on data can automate
the process of building similarity functions in case-
based reasoning systems. The researchers proposed
two novel approaches: using a pre-trained classifier
as a foundation for the similarity function and a fully
data-driven method that minimises training time. Both
approaches showed high efficiency on 14 different da-
tasets. Z. Chen et al. (2021) demonstrated that graph
neural networks (GNN) can reveal hidden structural
similarities in cyber-physical systems, but they require
complex preprocessing and often suffer from a lack of
decision-making transparency. N. Lin et al. (2023) pro-
posed an enhancement of the CBR approach through
the application of aggregation operators, such as the
Choquet integral, which enabled accounting for non-
linear interdependencies between diagnostic features.
Despite improving similarity assessment accuracy, this
approach complicates the formation of expert prefer-
ences. N. Neykov & S. Stefanova (2023) demonstrated
the applicability of rule-based heuristics in CBR systems,
highlighting their flexibility and explainability, but also
noted challenges when working with large volumes of
cases and the need for manual attribute weight tuning.
According to N. Lin et al. (2023), interpretability plays a
crucial role in case similarity matching systems in the
legal domain. The researchers proposed an integrated
framework consisting of four modules: key sentence
identification, case matching, sentence alignment, and
conflict resolution. This approach ensures transparency
and explainability of the matching process.Most existing
models do not account for probabilistic dependencies
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between failures, differences in operating conditions,
and the dynamic evolution of the technical state. For
example, one failure may increase the probability of
subsequent faults; operating modes may accelerate
equipment degradation; component conditions change
over time, influencing failure forecasting.

To enable accurate identification of typical equip-
ment failures and their root causes within systems such
as SPP, it is necessary to develop a unified and adaptive
methodology for assessing the similarity between cases.
At its core, the methodology should feature a similar-
ity metric that ensures relevant comparison of current
cases with archived ones and identification of the most
similar analogues. In this context, similar cases refer to
those with comparable operating conditions, identical
damage characteristics, close parameter values, and
matching probabilistic characteristics. For example, two
main engine failures can be considered similar if they oc-
curred under comparable operating hours, were accom-
panied by similar changes in temperature and pressure
parameters (including oil temperature and fuel pres-
sure), and shared a root cause - for instance, overheat-
ing caused by cooling system failure. The methodology
being developed should account for both quantitative
and qualitative failure features; enable the integra-
tion of metric, logical, and machine-learning compo-
nents; and be applicable to heterogeneous data types
(numerical, categorical, set-based, and temporal). Other
requirements include interpretability for technical ex-
perts and adaptability to changing operating conditions.

The proposed structured approach covered indus-
try-specific characteristics, applied parameter normali-
sation, and implemented weight coefficient optimisation
to improve diagnostic reliability. Particular attention
was given to considering operational and technical
characteristics (load, operating time, type of damage),
causal relationships between components, statistical
parameters (failure frequency, prior probabilities), and
the predicted dynamics of equipment conditions. Al-
together, this enabled the construction of an adaptive
case-matching system capable of effectively identifying
similar failures under real-world operating conditions.

The purpose of this study was to develop an inter-
pretable, adaptive, and statistically grounded meth-
odology for assessing similarity between failure cases
in ship power plant systems, based on the integration
of metric, probabilistic, and logic-based components.
The methodology was intended to improve matching
accuracy, robustness against heterogeneous data, and
adaptability to changing operational conditions, with
subsequent integration into intelligent CBR-based
diagnostic systems.

MATERIALS AND METHODS

This study examined and compared various approaches
to assessing the degree of similarity between equip-
ment failure cases (precedents) within SPP. The focus
was on the analysis of similarity metrics used within
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the CBR methodology, including conventional, proba-
bilistic, and hybrid approaches. The analysis covered
the following categories of methods: distance metrics,
such as Euclidean, Manhattan, and cosine, which were
applied to numerical and categorical parameters; set-
based metrics, including the Jaccard index, which were
used to compare sets of affected subsystems and risk
categories; probabilistic approaches, where the similar-
ity metric was adjusted based on the empirical proba-
bility of joint feature occurrence or by using Bayesian
weights; aggregated models, where the final similarity
metric represented a weighted sum of partial metrics
with weights optimised numerically (using the L-BFGS-B
method); and hybrid CBR structures that combined
rules, expert assessments, and supervised learning.

To evaluate the effectiveness and identify the limi-
tations of the listed methods, a comparative experimen-
tal series was conducted. Within this series, a synthet-
ic training sample of precedents was created, covering
typical equipment failures of SPP, involved components,
and occurrence probabilities. Baseline methods with
fixed weights were compared to adaptive models, where
weights were adjusted based on comparison with expert
similarity assessments. The effectiveness of the models
was evaluated according to the following criteria: classi-
fication accuracy, including the use of confusion matri-
ces; correlation with expert similarity assessments; and
sensitivity of metrics to variations in input parameters.

The parameter weights were optimised using the
limited-memory Broyden-Fletcher-Goldfarb-Shanno

algorithm with bound constraints, where the loss func-
tion was defined as the mean squared error between
the predicted and expert-assessed similarity values.
For this, the implementation from the scipy.optimize
library was used, ensuring computational efficiency and
reproducibility. Numerical experiments with parame-
ter variation and visualisation tools that demonstrated
the contribution of individual components to the final
similarity measure were applied for model validation.
The presented methodology helped to identify key lim-
itations of conventional approaches and demonstrated
the advantages of adaptive, probabilistically informed
models in failure diagnostics.

To search for similar failures in the precedent da-
tabase, the k-Nearest Neighbours (k-NN) method was
used, as described by M. Zuber & R. Sirdey (2021). This
approach helped to identify the most similar cases
based on a predefined similarity metric. The choice of
this method was driven by the following advantages:
flexibility - k-NN handled heterogeneous data types
(numerical, categorical, probabilistic parameters); in-
terpretability - unlike neural network models, it was
possible to explain why two failures were considered
similar; adaptability - the method allowed adjusting
parameter weights depending on operating conditions;
efficiency with limited data - it did not require a large
training set, which was critical for the diagnostics of
rare failures. The similarity between two precedents
was calculated based on a weighted sum of partial sim-
ilarities across key parameters, as presented in Table 1.

Table 1. Similarities between two precedents based on key parameters

Parameter

Description

Similarity Measurement Method

Failure Type

Nature of damage, degradation mechanism

Cosine similarity

Failure Causes

External and internal factors, preceding events

Jaccard similarity

Failure Probability

Estimated probability of failure

Euclidean distance

Failure Consequences

Impact on operability, cascading effects

Bayesian networks

Affected Components

Failed nodes and subsystems

Jaccard similarity

Source: created by the authors of this study

Depending on the type of data, the following met-
rics were used: euclidean distance - for numerical
parameters (e.g., failure probability, remaining useful
life); cosine similarity — for textual and vector rep-
resentations of failure categories; jaccard similarity -
for categorical data (e.g., lists of affected subsystems);
Markov models - for predicting failure evolution over
time and adjusting parameter significance; Bayesian
networks - for accounting for probabilistic dependen-
cies between failures.

RESULTS AND DISCUSSION

To build a formalised model for determining similar-
ity between precedents, information on typical fail-
ures of SPP equipment and corresponding diagnostic

features was structured. Table 2 presents the classi-
fication of failures according to key parameters: tem-
perature; vibration level; pressure; typical manifesta-
tions. This structure allows highlighting diagnostically
significant features, which are further formalised into
precedent parameters. Additionally, Figure 1 presents
a classification error matrix that reflects characteristic
cases of misclassification of observed features into fail-
ure types, demonstrating the limitations of convention-
al matching methods and emphasising the need for a
more precise similarity evaluation model.

Figure 1 presents the classification error matrix, re-
flecting the performance of the CBR system when clas-
sifying new precedents by failure types based on the
applied similarity assessment methodology.
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Table 2. Classification of typical failures and diagnostic features

Failure Type Temperature Vibration Pressure Typical Symptoms
; ° ; Often associated with cooling
Failure A >90°C 2.0-3.5 mm/s >10 bar system overheating
Failure B 75-85°C 1.5-2.5 mm/s 6-9 bar Related to gradual bearing wear
Failure C >85°C 2.5-4.0 mm/s 9-11 bar Observed with unstable fuel supply

Source: created by the authors of this study

Actual failure type
Failure B Failure A

Failure C

Failure A

Failu.re B

40

-10

Failure C

Predicted failure type

Figure 1. Classification error matrix by failure types

Source: created by the authors of this study

The factual and predicted failure types (A, B, C) are
indicated along the axes (Fig. 1). The values on the di-
agonal of the matrix correspond to correctly classified
cases: 48 instances of type A were correctly identified
as A; 42 instances of type B were classified correctly;
and 46 instances of type C were recognised accurate-
ly. Classification errors were observed in the following
forms: 3 cases of type B were mistakenly assigned to
class A, and 5 to class C; 4 cases of type C were clas-
sified as B. Type A demonstrated the greatest classifi-
cation stability (only 2 errors out of 50 observations,
accuracy - 96%). This reflects high overall classification
accuracy, with the share of correct predictions exceed-
ing 90% for all failure types. A notably increased proba-
bility of cross-classification between types B and C may
be explained by partial overlap of features (e.g., similar
vibration and pressure values under different failure
scenarios); insufficient discrimination capacity of the
current similarity metric in the feature space of these
types or a limited training sample size for B and C cases.
Such insights enable targeted model enhancement -
for instance, by refining parameter weights or intro-
ducing other features that enable clearer separation of
failure types with similar manifestations.

The developed similarity model for comparing a cur-
rent case A and a precedent B, is represented as follows:

S(Ai’ BI) =ag d (A P Br) + ﬁs.i ) dprabability.i (Ai’ Br) + ys.i’

S0 types.i V' i

dcampanents.i (Ai’ Bi)’ (1)
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where d, .. (A, B) is the similarity measure for failure
types; d, i (A» B) is the difference in failure proba-
bilities; dwmponm_, (A, B) is the similarity estimation for
the affected components; a_, S_. v, are the weighting
coefficients that determine the significance of different
aspects when comparing precedents

The similarity components are calculated as follows:

1,if types are identical
Atypes.i(Ai, B;) = {0.5,if inthe same category; (2)
0,if types differ

Aprovavitityi(Ai, B) =1 —|P(4;) —P(B)l;  (3)

|C(Ai)nC(Bi)| (4)

deomponentsi (A1 Bi) = [CApUCBY’

where P(A), (B) are the failure probabilities for the re-
spective components; C(A), C((B) are the sets of compo-
nents involved in the failures. This formulation enables
a quantitative accounting of subsystem overlap, which
directly affects the assessment of case similarity.

For normalisation of the final similarity metric, the
following expression is applied:

Diotar(4i, B)) =
_ sidrypesi(AipB)+Bs.i'Aprobability.i(AiBi)+Ysi*dcomponents.i(Ai.Bi) (5)
i+ Bs.it Vs.i ’

Such normalisation ensures that the resulting
similarity score stays within the range [0, 1], enabling
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consistent comparison of different case pairs and fa-
cilitating further interpretation within the diagnostic
decision-making process. The coefficients a_, ., and
y,; are optimised using numerical methods aimed at
minimising a loss function that reflects the classifi-
cation error based on known labels (e.g., the mean
squared error between the predicted similarity value
and the expert-assessed value). This allows the model
to be adapted to the specifics of a particular domain
and the structure of the case database. To improve the
accuracy, interpretability, and adaptability of the simi-
larity assessment model between cases, the following
enhancements have been implemented:

Weight correction based on failure frequency

This extension allows the model to factor in the
rarity of specific failure types in the dataset, automati-
cally increasing the importance of rarely occurring but
potentially critical scenarios. This is particularly rele-
vant for the diagnostics of low-probability but high-risk
conditions, which standard methods may overlook due
to their low occurrence rate.

The weight correction formula is defined as:

G =aglog(147—=) (@
where fw (A) is the relative frequency of occurrence of
failure type A. in the case database.

This adjustment ensures automatic balancing of the
model: the rarer a particular failure type, the greater its
weight when calculating the final similarity measure.
This enables the model to better handle the diagnos-
tics of infrequent but significant cases, preventing bias
toward frequently occurring but less critical failures.

Such a correction can further be extended to other pa-
rameters, including probabilistic and structural charac-
teristics, which would additionally enhance the flexibil-
ity and reliability of the case-based reasoning system.
Temporal degradation factor
This extension accounts for the influence of the
temporal aspect (e.g., the difference in operating time
until failure) when assessing the similarity between
cases. Incorporating this factor allows the model to pri-
oritise cases that are closer in terms of operational time,
making the reasoning process more context-aware. The
temporal degradation factor is calculated as follows:
ddegradation (Ai’ BI) =exp (_}L ’ |TAI - TBll)’ (7)
where TA,, TB are the operating times until failure for cas-
es A and B; A is the degradation coefficient, which con-
trols the sensitivity of the model to temporal differences.
The adjusted similarity score is defined as follows:

S'(A,B)=5(A,B)- ddegradation (A B)- (3)

The introduction of this multiplicative temporal
context reflects the idea that two cases with identi-
cal features but differing significantly in failure time
are diagnostically less similar than cases with both
matching features and close failure times. Figure 2
illustrates how the temporal degradation coefficient
varies depending on the difference in operational
time between two cases. The figure presents three
scenarios corresponding to different sensitivity levels
of the model to temporal discrepancies, controlled by
the value of the A parameter.

A =5e05 —

1.0

—— A =0.0002
— A =0.0005
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o (<]

Degradation Coefficient
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12,500 15,000 17,500 20,000

Operational Time Difference (hours)

Figure 2. Change of the temporal degradation coefficient depending
on the difference in operating time between two cases

Source: created by the authors of this study

The curve with the smallest A (0.00005) shows a slow
decrease of the coefficient, which reflects a model with
stable memory - it “trusts” even older cases. Conversely,
at a large A (0.0005), the model quickly depreciates old
cases, focusing on the most recent data. Thus, the choice

of A directly affects the behaviour of the model: a low
A implies high stability, which is useful in the presence
of stable patterns; a high A ensures adaptability to new
conditions, which is necessary in the case of dynami-
cally changing technical states of the SPP system. This
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emphasises the significance of calibrating the temporal
component when designing CBR systems, especially in
the context of variable load and operating modes.
Contextual smoothing of components supplements
the comparison of SPP system components with infor-
mation about the proximity between components (e.g.,
if two components are technically related). This reduces
information loss in cases of partial mismatch.

4% __lcapnc(B)|+6-|Adj(Ay,B))|
comp — |C(ADUC(B))|+8-N

: (8)

where |Ad, (A, B)| is the number of adjacent, functional-
ly related subsystems; § is the smoothing coefficient; N
is the total number of possible components.

Nonlinear activation (e.g., tanh) allows considering
the saturation effect in cases of strong similarity and
helps to soften sharp boundaries. This is used for better
interpretation of the final similarity in extreme cases:

S(Ai’ B‘) =tanh (a’&" ' df}’ﬂt’i-f) (Af’ Bl) * ﬁsj ' dprobabilit}ci (Ai’ BI) +
+ ys.i ) dcumponents,i (Ai’ BI)) (6)

The proposed formalised model for assessing sim-
ilarity between cases (1) is integrated into the classi-
cal CBR architecture, which includes four key stages:
retrieval, adaptation, application, and update. At the re-
trieval stage, the model is used to search for the most
relevant analogues in the case base.

Stage 1. Calculation of similarity between cases

For a new diagnostic case A, represented by a fea-
ture structure (failure type, probability, subsystems,
etc.), the similarity measure is calculated for all cases
B. from the knowledge base according to formula (1). If
additional modules (temporal degradation, probabilis-
tic correction, etc.) are activated, the final value is mod-
ified accordingly:

S(ApBi)dgegradation(4i,Bi)Pi(A;,B;)
i+ Bsit Vs.i

S’norm(Ai:Bi) = » (9)
where Pi (Ai, Bi)€|0,1 is the probability of co-occurrence
of the values A. and B. in the cases, extracted from em-
pirical data or an expert model

V. Vychuzhanin & A. Viychuzhanin

Stage 2. Nearest neighbour search (k-NN)

Based on the obtained values S(A,, B), the k nearest
cases with the highest similarity values are selected.
After constructing and formalising the similarity metric
between cases across the set of parameters, the pre-
sented model is integrated into the k-Nearest Neigh-
bours (k-NN) search algorithm. Using k-NN not only en-
ables the application of the similarity metric but also
implements a decision-making process based on it.

Advantages of the approach: local analysis: deci-
sions are made based on similar cases, which is espe-
cially significant considering the high variability of op-
erating modes of marine power plants; flexibility: the
method can be adapted for specific diagnostic goals
(e.g., predicting time to failure or classifying the failure
type); scalability: adding new cases does not require
restructuring the model, only a local recalculation of
similarity. For the diagnostics of a new case (the ob-
served equipment condition): the global similarity
measure S(A,, B) is calculated between the new case
and each case in the database according to formula (1);
the k cases with the highest similarity (equivalently -
with the minimum distance according to the metric) are
selected. A diagnostic conclusion is then formed based
on the k nearest cases. Possible approaches include
majority voting - the most frequently occurring failure
type among the nearest neighbours; weighted voting -
considering the similarity level of each neighbour; ag-
gregated parameter values - e.g., averaging the time to
failure, temperatures, pressures, etc. The application of
k-NN requires prior normalisation of the parameters in-
volved in the calculation of individual similarity meas-
ures to avoid domination by parameters with larger
measurement scales. Additionally, the choice of the pa-
rameter k should factor in the density of the case base
(with low density, a smaller k is preferable); the varia-
bility and noise level in the data (for high noise, it is
better to average over a larger number of neighbours);
the type of task being solved (classification, prediction,
anomaly detection, etc.). Figure 3 illustrates the nearest
neighbour method (k-NN) in the parameter space that
defines the similarity between cases.

X Precedents (class 0)
(class 1)

1.00

New case (0)

0.75

x

-0.5 0.0

0.5 1.0 15 2.0

Sign1

Figure 3. Application of the k-NN method in the parameter space defining the similarity between cases

Source: created by the authors of this study
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Figure 3 presents an example of classifying a new
failure case with coordinates (0.5; 0.7) in the feature
space using the k-nearest neighbours method (k= 3).
The dashed lines visualise the connection of the an-
alysed object with the three most similar cases, se-
lected according to the minimum distance metric in
a pre-normalised feature space with consideration of
their weighting coefficients. The position of the new
case in the area dominated by cases of the first class
allows the model to classify it as a failure of the first
type based on the neighbour voting strategy. This ex-
ample demonstrates the key advantages of the k-NN
method for diagnosing complex technical systems:
the ability to work with nonlinearly separable data,
robustness to noise through aggregation of informa-
tion from several neighbours, as well as clear inter-
pretability of the results.

Special attention must be paid to the correct tun-
ing of the method’s critical parameters - the optimal k
value, proper normalisation of features, and the selec-
tion of an appropriate similarity metric that considers
the scale and informativeness of various parameters.
The presented approach ensures the consideration of
the local distribution characteristics of the data and in-
creases the robustness of the results to variability in
input parameters. Its ability to work with incomplete
and noisy data, while combining visual representation
with probabilistic justification of decisions, makes the
method especially valuable for diagnosing SPP, where
one typically faces limited historical data, complex non-
linear dependencies, and high demands for interpreta-
bility of the obtained results.

Stage 3.Aggregation of the diagnostic decision

The extracted k-nearest neighbours are analysed:
by the most frequently occurring failure type (majority
voting); by the average probability of failure; by con-
textually weighted characteristics. The final diagnostic
conclusion is formed based on the coordinated infor-
mation from the most similar historical cases. Once the
k most similar cases {B,,...,8} have been determined for
the new case A, their diagnostic characteristics are ag-
gregated. The most typical strategies include majority
voting for failure type (the failure type that occurs more
frequently among the nearest cases is selected):

T'=arg max, 3*_ 1T =T. (10)

To determine the most probable failure type T~
among the nearest cases, a majority voting strategy
is applied. The indicator function 1, __ equals 1 if the
failure type T, in the /" precedent matches type T, and
0 otherwise. By summing these indicators across all k
nearest neighbours, the method identifies the most fre-
quently occurring failure type. The type T with the high-
est number of “votes” is selected as the final diagnosis.

Weighted average failure probability:

1

p(4;) = ———-
P = S

i= 1S(AUB) p(By), (11)

where p (B) is the known failure probability for the cor-
responding precedent.

To estimate the failure probability for the current
case A, a weighted average of known failure probabil-
ities p (B) from the k nearest precedents is used. Each
precedent’s contribution is weighted by its similarity
score S (A, B). The denominator normalises the sum,
ensuring the resulting probability stays within the
[0, 1] range. This approach gives more influence to
precedents that are more similar to the current case.

Merging of affected components
If failure localisation is required, it is possible to form
an aggregated set of the most probable components
affected in similar cases: C,_(A)=U;_, C(B). When the
objective is failure localisation, an aggregated set of
potentially affected components is formed by taking
the union of component sets C(B) from the kK most sim-
ilar precedents. This provides a complete list of all sub-
systems that were involved in similar past failures and
may be relevant for the current case A.

The final aggregated set of components (subsys-
tems) that are considered most likely involved in the
failure for the current case A, accounting for weights
(similarity):

Cagy (A) = {c: X1 S(Au B * Leecqsy > 6}, (12

where ¢ is a specific subsystem of the SPP (e.g., “fuel
pump,” “cooling circuit,” etc.) considered as potentially
failed; Y¢_, S(A, B) -1, |s the weighted sum over k
nearest precedents S (A B) is the similarity between
the current case and precedent B; 1C€CB) is the indicator
function: equals 1 if component is present in the list
of failed subsystems of precedent B, and O if not; 0 is
thesignificance threshold, which determines how fre-
quently and with what weight component ¢ must occur
to be considered significant.

To improve failure localisation accuracy, this for-
mula performs a weighted aggregation of components
based on their presence in similar cases. A component
c is included in the final set C5¢9"° (4;) if its weighted
occurrence frequency across the k nearest neighbours
exceeds a given threshold 8. This approach helps filter
out random or weakly relevant components, retaining
only those that consistently and significantly appear in
similar cases.

Although the primary goal of the proposed model
was to construct a similarity metric between cases, the
implementation of diagnostic inference in a CBR system
requires a justified decision-making method. When sev-
eral similar cases are available, it becomes necessary to
aggregate their characteristics. In such conditions, it is
advisable to apply a probabilistic approach - specifical-
ly, Bayesian aggregation - for interpreting results and
improving diagnostic accuracy.

This model extension logically followed from the
task of result interpretation after computing the sim-
ilarity. Additionally, the diagnostic decision can be
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justified in terms of Bayesian inference, where the
failure type T was treated as a hypothesis, and the re-
trieved precedents as observations:

P(TIA) NPT TE_, PBIT,

where P (T) is the prior probability of failure type T
(according to the statistics of the precedent database);
P(B,IT) is the conditional probability of observing prec-
edent B, given failure type T, w,x S (A, B) is a weight
reflecting the confidence level in precedent B, based
on its similarity to A.

If it is assumed that the probability of observing
a specific precedent B, depends on its degree of simi-
larity to A, then:

(13)

PBIT)=S(A,B)-1(T=T), (14)

V. Vychuzhanin & A. Viychuzhanin

which leads to the following posterior estimation:

P(TIA)kl)xP(T)-3*_,S(A, B,)-lrl:r (15)

In practice, this means that the failure type with
the highest posterior probability is accepted as the
most probable diagnosis for the current case A. This
approach is particularly useful under conditions of in-
complete data, where precedents may be heterogene-
ous or lack a complete set of features, and the Bayesian
model allows systematically incorporating the degree
of confidence. Figure 4 presents a visualisation of the
posterior inference process for determining the proba-
bility of a new precedent (observed failure) belonging
to one of the typical failure classes (e.g., A, B, C) based
on the Bayesian model.
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Figure 4. Visualisation of the posterior inference process for determining
the probability of a new precedent’s class affiliation

Source: created by the authors of this study

Bayesian aggregation was applied here as an in-
terpretable decision-making mechanism, enabling not
only the identification of the most probable failure type
but also the quantitative consideration of uncertainty
and the probabilistic distribution of hypotheses. The di-
agram illustrates that, for the analysed case, the great-
est posterior probability corresponds to failure type B.
This reflects both the frequency dominance of similar
cases of type B among the nearest neighbours (result-
ing from the k-NN search in the similarity space) and
the high prior probability of this failure type within the
overall diagnostic statistics of the precedent database.
The Bayesian aggregation methodology enables the
weighted integration of two key sources of information:
global knowledge about the distribution of failures
(prior probabilities); local similarity of the current case
to recorded precedents.

This model was particularly effective when work-
ing with limited training datasets, as well as in scenar-
ios with diverse failure causes, where the same type
of malfunction can result from various degradation
pathways. The use of probabilistic inference: enhances
interpretability - each step of the decision-making pro-
cess can be justified through the probabilistic model;
reduces sensitivity to data noise - the unequal contri-
bution of neighbours is regulated not only by similarity
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but also by their probabilistic weight; allows for distrib-
uted uncertainty between multiple failure types - es-
pecially in the presence of overlapping features. Thus,
the visualisation confirms the validity of using Bayesian
aggregation as an extension to the k-NN method, pro-
viding more accurate, flexible, and robust classification
of precedents in the intelligent diagnosis of SPPs.

Stage 4. Updating the case database

After the diagnosis has been verified, the new
case - including the original feature set and diagnos-
tic results - was added to the case database for fur-
ther enrichment and continuous model training. As
the database of precedents grows, the system became
increasingly capable of accurately matching new cases
to previously observed ones, progressively adapting the
model to real-world operating conditions. During the
classification and decision-making stages, the mecha-
nism of comparison with the most similar precedents
played a crucial role.

Thus, the proposed similarity assessment model for
failure precedents in SPPs represented an integrated
system that combines numerical, categorical, and mul-
ti-valued parameters with adaptive weights and spe-
cialised similarity metrics. The stepwise extension of
the base formula - through the inclusion of failure fre-
quency, temporal factors, functional interconnections of
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subsystems, and nonlinear transformations - ensured
not only high accuracy but also the robustness of the
model against data heterogeneity. The additional appli-
cation of probabilistic aggregation for determining the
final diagnostic conclusion demonstrated the potential
for integrating this model into broader intelligent CBR
systems. This integration opens new opportunities for
enhancing diagnostic reliability and decision interpret-
ability, especially under conditions of limited training
data or high variability in failure mechanisms.

The optimisation of parameter weights enabled the
model to consider the relative significance of each fea-
ture for diagnostic purposes. The coefficients,, were op-
timised using a bounded limited-memory quasi-New-
ton optimisation method (L-BFGS-B algorithm), which
minimised the following loss function:

J(@si Bsis Vsi) = Zgw('snorm(A' B;) — yi)z, (16)
where y. is a binary label assigned in the training dataset
of M known pairs, indicating whether the precedents are
considered similar (1) or dissimilar (0). When formulating
the optimisation problem, there is a need to assume the

training dataset consists of N pairs of precedents (i, j),
for which the reference similarity degree S{jf has been
assigned by an expert. For each pair,the model computes
the predicted similarity value S[;.’""’(w),which depends on
the weight vector w = (w,, w,, ..., w ). The objective func-
tion for optimisation is defined as follows:

L(w) =5 B, @) = 5777 (17)
where the minimised value L (w) represents the mean
squared deviation between the model-predicted and
expert-defined similarity values. The L-BFGS-B algo-
rithm enabled efficient minimisation of this function
under constraints on the weight parameters (e.g., w, >0,
2w, =1). The optimisation procedure was implemented
using the L-BFGS-B method from the scipy.optimize
library (Virtanen et al., 2020). The optimisation process
consisted of several stages: formation of a training da-
taset containing pairs of precedents with known expert
similarity assessments; initialisation of weight values;
and evaluation of the optimisation quality using a sep-
arate test dataset. Figure 5 presents a diagram compar-
ing the initial and optimised weights.
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0.6
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204
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Figure 5. Comparison of initial and optimised weights

Source: created by the authors of this study

The diagram illustrates the comparison between
the initial and optimised weights of various parameters
used in the similarity assessment of failure precedents.
A significant increase in the significance of the “failure
type” parameter was observed: initial weight - 0.30; op-
timised weight - 0.87.This indicates that the parameter
has a strong impact on diagnostic accuracy, and as a
result, its contribution to the model was substantially
increased. A reduction in the influence of the “failure
probability” parameter was recorded: initial weight -
0.20; optimised weight — 0.02. This suggests that failure
probability has a lower significance when determining
precedent similarity,and its weight was nearly nullified.

The “risk category” and “affected subsystems” pa-
rameters were excluded from the final model. Their

initial weights were 0.20 and 0.30, respectively, but after
optimisation, both were reduced to 0.00. This suggests
that these parameters have no meaningful influence
on the diagnostic outcome and can be safely removed
from the model. In summary, the optimisation process
highlighted that the “failure type” parameter is the key
factor when comparing failure precedents. In contrast,
parameters such as the equipment risk category and af-
fected subsystems were found to be insignificant and
were eliminated from the model. It is essential to verify
whether such a radical redistribution of weights leads
to a loss of meaningful diagnostic features. It may also
be advisable to explore alternative optimisation strate-
gies that preserve the contribution of all parameters to
a certain extent. To assess the position of the proposed
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model for evaluating similarity between failure cases
within the SPP equipment diagnostic structure, an in-
depth analysis of analogous studies was conducted. The
comparison focused on key methodological dimensions:
the nature of the similarity metric, integration of prob-
abilistic reasoning, presence of adaptive weight mech-
anisms, robustness to incomplete or noisy data, and
applicability across heterogeneous technical domains.

In the analysis of time series sensor data, J. Ser-
ra & J.LL Arcos (2014) studied the distance measures
such as dynamic time warping (DTW), confirming their
robustness against temporal distortions. Nevertheless,
such methods perform poorly in semantically saturated
contexts and are computationally intensive. In anoth-
er area, J. Ye (2017) introduced neutrosophic logic with
cotangent-based similarity measures to address uncer-
tainty in technical system data, although result inter-
pretation continues to be challenging.

The DeepKAF approach presented by K. Amin et
al. (2020) effectively merged deep learning and CBR for
NLP tasks but lacked flexibility in similarity metric con-
figuration. While this model demonstrated high perfor-
mance in pattern recognition, it relied on rigid internal
structures and did not support metric reconfiguration,
thus limiting its applicability in domains requiring
feature-specific interpretability. In contrast, the model
presented in the present study enables flexible config-
uration of similarity metrics for numerical, categorical,
and set-valued attributes, improving transparency and
domain adaptability. D. Leake et al. (2021) focused on
neural case adaptation to enhance analogical reason-
ing. However, presented approach lacked support for
probabilistic inference and dynamic weight adjustment,
which are essential when dealing with sparse or uncer-
tain failure data. The model under discussion addressed
this gap by incorporating Bayesian hypothesis aggrega-
tion and data-driven optimisation of feature weights,
improving reliability and resilience to data imperfec-
tions. M. Chen et al. (2022) proposed an adaptive metric
learning system for aeroengine fault diagnostics. Their
findings confirmed the benefits of adaptation in tech-
nical diagnostics, yet the proposed architecture did not
explicitly incorporate probabilistic modelling or failure
frequency weighting. In contrast, the method evaluated
in this study links metric behaviour to statistical failure
patterns and employs Bayesian reasoning to support
decision-making under uncertainty. M.F. Valdez-Avila et
al. (2023) developed the CBR-fox model for time-series
analysis. While effective for temporal patterns, present-
ed solution did not support integration of diverse static
features or account for temporal degradation. The ap-
proach discussed in this paper expanded these capabil-
ities by incorporating set-based feature fusion and tem-
poral decay modelling, enhancing long-term diagnostic
accuracy. M. Kriiger (2023) applied similarity measures
to cybercrime profiling.Although effective in its domain,
the approach was specialised and did not demonstrate
cross-domain flexibility. The presented similarity model
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was designed to account for a variety of technical sys-
tems, including electromechanical and thermal areas,
which is necessary for wider application in engineer-
ing. H. Xu et al. (2023) explored the integration of CBR
with ontological knowledge graphs for bridge safety
diagnostics. Their study offered semantic depth but re-
quired complex, manually curated graphs, limiting scal-
ability. The current model bypassed such dependencies
by directly handling generalised structured features,
enabling more efficient deployment in real-time sce-
narios. X. Ye et al. (2024) introduced neural k-NN into
CBR for enhanced representation learning. Despite
improved accuracy, the use of implicit neural weights
reduced transparency and limits practical interpreta-
bility. In contrast, the present approach employed ex-
plicitly defined weights with tunable parameters based
on operational significance, maintaining explainability.
S. Mustyala & M. Bisi (2025) applied harmony search
combined with CBR for software effort estimation. Al-
though adaptive in nature, the model lacked proba-
bilistic mechanisms, which are critical for uncertainty
modelling. This limitation was addressed in the current
framework through Bayesian aggregation and normal-
isation based on similarity strength. G. Jimenez-Diaz &
B. Diaz-Agudo (2024) developed visualisation tools for
understanding similarity structures in CBR. Their study
improved user transparency but did not integrate prob-
abilistic interpretation. In the presented model, visual-
isation was combined with statistical weighting, en-
hancing both interpretability and reliability. T. Zeng et
al. (2025) proposed the multi-source feature fusion
case-based reasoning (MSFF-CBR) model for diagnostic
applications involving multi-modal data. While success-
ful in probabilistic fusion,the model devoted less atten-
tion to weight interpretability and frequency-based ad-
aptation. The methodology discussed here strengthens
this dimension by introducing weight calibration based
on historical failure data and component-level impact.

This comparative review highlighted that while
many modern approaches bring valuable innovations
such as hybrid neural-CBR models, ontology integration,
or time-series analytics only a few effectively combine
probabilistic reasoning, adaptive weights, support for
heterogeneous data, and interpretability. The presented
model achieved such integration through a structured
framework based on: configurable partial similarity met-
rics (Euclidean, Jaccard, logistic); gradient-based optimi-
sation of weights using the L-BFGS-B method; Bayes-
ian aggregation for probabilistic inference; support
for structured numerical, categorical, and set-valued
data. This methodological composition is particularly
well-suited for complex environments such as SPPs,
where uncertainty, data sparsity, and multi-source fea-
tures are the norm.The architecture also enabled modu-
lar extensions to additional components or operational
parameters without requiring full retraining, which is
beneficial for maintenance and scalability. Furthermore,
the approach aligned with current trends in intelligent
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diagnostics, which emphasised interpretability and ad-
aptability over opaque black-box learning. While con-
ventional systems often rely on fixed similarity metrics
or rigid neural models, the model discussed in the pres-
ent study prioritised traceability, domain adaptability,
and evidence-based decision-making. The resulting ad-
vantages can be summarised as follows: data compre-
hensiveness: simultaneous handling of numeric, cate-
gorical, and set-valued features; adaptability: numerical
optimisation of similarity weights through formal pro-
cedures; probabilistic robustness: inference supported
by Bayesian aggregation and normalisation; scalability:
application across diverse diagnostic domains with min-
imal reconfiguration. In summary, the proposed model
constitutes a substantial advancement in the domain of
intelligent similarity-based diagnostics. It responded di-
rectly to limitations identified in current literature and
offers a reliable, interpretable, and extensible solution
suitable for decision support systems operating under
conditions of complexity and uncertainty.

CONCLUSIONS

The developed adaptive similarity metric for failure di-
agnostics in SPPs demonstrated significant potential
for enhancing both the accuracy and interpretability of
intelligent decision support systems. The key contribu-
tions of this study included a comprehensive approach
to similarity assessment by integrating heterogeneous
data types: numerical; categorical; set-based through
a weighted combination of metrics such as Euclidean,
Jaccard, and logistic. The model employed automatic
optimisation of weight coefficients using the L-BFGS-B
method, which ensured adaptability to varying opera-
tional conditions. Interpretability and robustness were
improved through the introduction of weight correc-
tion mechanisms that accounted for failure frequency,
temporal degradation (based on operating time), and
contextual smoothing across components. These en-
hancements allowed the model to effectively handle
rare yet critical failure scenarios. Additionally, the ap-
plication of non-linear activation functions (tanh) and
Bayesian hypothesis aggregation contributed to more
accurate classification results and reduced sensitivity
to noisy and incomplete data. Experimental evaluation
confirmed the practical effectiveness of the proposed
model. The classification accuracy exceeded 90% for
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AHoTauiga. CBO€YaCcHa Ta TOYHA [iarHOCTMKA HECNPAaBHOCTEN B CYAHOBUX eHepreTuyHmx yctaHoekax (CEY) €
HaA3BMYAMHO BAXX/IMBOIO A1 3abe3neveHHs: 6e3nekun Ha Mopi, MiHiMi3aLii ekcnayaTauLitHUX pU3KKIB Ta ONTUMI3aLii
CTpaTeriii TexHiYHOro 06cyroByBaHHS. 3i 36iNbWEHHSAM CKNALHOCTI CUCTEM, FeTEPOreHHOCTI Aepen AaHunX
Ta 0OMEXEHOCTi ICTOPUYHUX 3aMUCiB NPO HECNPABHOCTI TPAAMLIMHI METOAM AiarHOCTUKM YacTO BUABNAAIOTLCS
Hef0CTaTHiMKU, 0COBIMBO B CUTYaLiSX, NOBA3aHMX 3 PiAKiCHUMM abo HEOAHO3HAYHUMM HECNPABHOCTSMU. MeToto
LbOro AOCNifXeHHs1 6yna po3pobka iHTepnpeToBaHOi, aAanTMBHOI Ta MMOBIPHICHO 0BrpyHTOBaHOI MeToAoNO i
[NS OLIHKM CXOXOCTi BUNaaKiB HecripaBHocTer y CEY Ang BUKOPUCTAHHSA B iHTENEKTYaNIbHUX CUCTEMAX NiATPUMKM
NPUAHATTS pilleHb. 3aNpONOHOBAHWI METOL, IHTErpy€e eBKNIA0BY, AXaKapAoBY Ta NOMICTUYHY METPUKM CXOXOCTI
3 BalECiBCbKMM BMBEAEHHAM, MOAENIOBAHHAM TMMYACOBOI AerpajaLii, KopekLieto BarM Ha OCHOBI 4YacToTM Ta
KOHTEKCTHUM 3MafKyBaHHAM yYpaXKeHMX nigcucteM. Mofenb BUKOPUCTOBYE onTuMizauito L-BFGS-B pna aBTomatnyHoro
KOPWUryBaHHS BarM MeTpuK BignNOBIAHO A0 AiarHOCTUYHOI peneBaHTHOCTI. YucenbHi ekCnepnMMeHTU Ha OCHOBI
CUHTETUYHUX AAHUX BUNAOKIB MOKa3ann BUCOKY TOUHICTb Knacudikauii: 96 % ans BiaMoB, NOBM3aHUX 3 Neperpisom
CMCTEMU OXONOMXKEHHS, 84 % ANng BUNaAKiB Aerpagauii nigwmnHukie i 92 % ong nopyweHb y nogadi nanuea. Hasitb
npu 40 % ckopo4yeHHi 06cAry HaBYaNbHUX AAHMX NAAIHHS NPOAYKTUBHOCTI He nepeBuWwmno 7 %, WO CBiAYUTb Npo
BMCOKY CTiMKICTb 40 pO3piAXeHOCTi AaHuX. Bizyanisauiga Mex npuiHATTA pilleHb NPOAEMOHCTPYBana 34aTHICTb Moaeni
pO3pi3HATM NEPEKPUBHI KlacK BiAMOB, 306epiratoum ceMaHTUYHY iHTepnNpeToBaHiCTb. Pe3ynbTaT onTuMisauii Baru
BM3HauuAu «Tun BiAMOBU» K OOMiHYOUMIA GakTop, ToAi AK «KaTeropis pusnky» Ta «YpaxkeHi niacmcremMmn» Manu
He3Ha4yHui BNAKMB i Bynu BUKNIOYEHI. balleciBCbke arperyBaHHs wwe Binblie NigBuLLMAO0 HALIAHICTb AiarHOCTUUYHUX
BMCHOBKIB, MOEAHABLUM JIOKAJIbHY CXOXICTb i3 rMobanbHUMK CTaTUCTUYHUMM anpiopHUMKM faHMMKU. Po3pobneHa
MeTof0/10ris MOXe 6YyTW eeKTUBHO 3aCTOCOBAaHa MOPCbKMMU iHXXeHepaMu, onepatopamu cyaeH Ta po3pobHuMkamm
iHTeNneKTyanbHUX AiarHOCTUYHUX NAATHOPM ANF BUSBNEHHS HECNPABHOCTEN, aHANI3y NepLUONPUYMH Ta MPOrHO3HOIO
TEXHIYHOro 06C/YroBYBaHHA B YMOBAX HEBM3HAYEHOCTI Ta HENOBHOI iHdopMaLii. [i MooynbHa CTPYKTypa Takox
[O3BOJISIE PO3LUMPUTY ii 3aCTOCYBAHHS Ha iHWI CKNAAHI TexHiYHi ranysi, kpim CEY

KntouoBi cnoBa: cuctema NiATPUMKM NPUAHATTS pilleHb; BaMeCiBCbKa arperaiis; afanTuBHI Barosi koedilieHTyH;
npeLefeHTHUIM aHani3 BiAMOB; iIMOBIpPHICHA METPUKA; CXOXiCTb TEXHIYHUX CTaHIB
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