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Modern ship power plants (SPPs) are high-tech systems that involve the continuous collection and analysis of large
volumes of diagnostic data. Improving the efficiency of technical operation of such systems requires the development of
intelligent diagnostic tools capable of accurate recognition and interpretation of typical failures. This paper addresses
the problem of assessing similarity between cases within the framework of Case-Based Reasoning (CBR), which is a
relevant approach under conditions of limited training data and high variability of failures. A comprehensive review of
current similarity assessment methods is provided, including metric-based approaches, aggregation operators (e.g., Cho-
quet integral), logic-based inference systems, and semantic graph models. The main limitations of these methods are
identified, such as low adaptability to heterogeneous data, poor interpretability, and strong dependence on a priori
knowledge. The authors propose a unified similarity assessment model that accounts for the heterogeneity of diagnostic
features. The model integrates different similarity metrics — Euclidean, cosine, and Jaccard — depending on the type of
data (numerical, categorical, or multi-valued). The diagnostic significance of features is represented by weight coeffi-
cients, which are optimized using numerical methods. The paper also presents a formal description of the case structure,
a classification of typical failures, and an algorithm for matching based on the operational context. The proposed ap-
proach ensures interpretability, adaptability, and scalability of the model, confirming its applicability in intelligent deci-
sion support systems for failure diagnosis of SPP equipment. Practical implementation of the model can significantly
enhance the reliability, safety, and efficiency of marine systems operation.

Keywords: intelligent decision support systems, ship power plant, equipment failure, case, Case-Based Reasoning, case
similarity, metric, interpretability.

flexibility of rule-based heuristics but noted difficulties in
scaling and tuning weights. Chen et al. [3] applied graph
neural networks to detect structural similarities, but
pointed out their low transparency and complex prepro-
cessing. The use of the Choquet integral for feature aggre-
gation was proposed in [4], though it complicates the for-
malization of expert preferences. In [5], Ye introduced neu-
trosophic logic with cotangent-based similarity measures
to handle uncertainty, yet interpretability remained an is-
sue. Time series analysis methods such as Dynamic Time
Warping demonstrated robustness to distortions [6], but
suffer from high computational complexity and limited se-
mantic sensitivity. Adaptive fuzzy systems (EIl Bitar et al.
[7]) have shown resilience to noise but remain limited in
industrial validation across diverse datasets.

Traditional approaches insufficiently account for

Statement of the problem

In modern complex technical systems (CTS), timely
and accurate fault diagnosis of equipment plays a key role
in ensuring uninterrupted operation, safety, and high per-
formance. The increasing complexity and heterogeneity of
such systems have led to the widespread adoption of intel-
ligent fault diagnosis methods based on knowledge reuse,
among which Case-Based Reasoning (CBR) stands out in
particular. Diagnosis using CBR involves comparing the
current situation with previously encountered cases, with
the effectiveness of this approach largely depending on the
accuracy of similarity assessment between cases.

Analysis of the latest achievements
on the identified problem

Similarity assessment between cases is a key task in
CBR systems, as it directly affects the relevance of the re-
trieved solutions. Modern approaches range from tradi-
tional metrics to machine learning and logic-based models,
but they face challenges related to scalability, interpretabil-
ity, and adaptability to heterogeneous data [1]. For in-
stance, Neykov and Stefanova [2] highlighted the

probabilistic fault dependencies, operational conditions,
and degradation dynamics. Therefore, there is a need to de-
velop an adaptive and unified similarity assessment meth-
odology capable of effectively comparing fault cases — par-
ticularly in the context of ship power plants (SPPs) — by
incorporating probabilities, semantics, and operational
conditions.
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Purpose and task statement

The aim of this study is to develop a unified and adap-
tive methodology for assessing the degree of similarity be-
tween equipment failure cases within SPPs. This method-
ology should integrate metric and probabilistic approaches,
handle heterogeneous data, and ensure result interpretabil-
ity for subsequent implementation in intelligent CBR-
based diagnostic systems.

The methodology should be based on a similarity
metric capable of effectively matching new failures with
archived cases and identifying the most relevant analogs. It
must take into account both quantitative and qualitative
characteristics of failures, support the integration of metric,
logical, and learning-based components, and operate with
heterogeneous data — including symbolic, numerical, and
time-series formats. Interpretability of results for experts
and adaptability of the methodology to changing operating
conditions of SPPs are also essential.

Summary of the main material

To develop a formalized model for determining the
similarity between cases, it is first necessary to structure
information about typical failures of SPP equipment [8, 9]
and the corresponding diagnostic features. Table 1 presents
a classification of failures based on key parameters — tem-
perature, vibration level, pressure, and typical manifesta-
tions. This structure makes it possible to identify diagnos-
tically significant features, which are further formalized as
case parameters.

To establish the relationship between features and
failure types, three scenarios can be identified. Failure A
(bearing overheating) is associated with prolonged load,
accompanied by an increase in temperature and vibration.
Failure B (hydraulic shock in the cooling system) occurs
during abrupt mode changes due to unstable pressure and
temperature. Failure C (injector defect) is characterized by
reduced fuel pressure and unstable engine operation. These
examples demonstrate that comprehensive parameter

analysis allows for accurate differentiation of failure types
and identification of their causes. In the tasks of diagnosing
failures in CTS, including SPP, the model of case represen-
tation and comparison is a key element of intelligent deci-
sion support. Traditionally, similarity between cases is
evaluated using Euclidean and Manhattan distances in fea-
ture spaces based on the numerical representation of failure
parameters [10, 11]. Some studies also consider categorical
features, but often without adapting the metrics to their na-
ture [12]. More advanced approaches suggest the use of on-
tologies or logical representations [13]; however, these re-
quire complex verification and are not always robust to in-
complete data. The model proposed in this study differs
from existing approaches in several key aspects. First, it
employs specialized metrics tailored to the type of diagnos-
tic parameter: Euclidean distance for numerical features,
cosine similarity for categorical features, and Jaccard dis-
tance for multiple-value features, ensuring adequate simi-
larity evaluation. Second, the model incorporates a
weighting system that reflects the diagnostic significance
of each feature, thereby improving the accuracy and inter-
pretability of the results. Third, it allows for weight opti-
mization using numerical methods, which enables adapta-
tion of the model to real expert assessments and empirical
data. Finally, the model is designed to operate with limited
training samples, which is particularly important under
SPP operational conditions, where the number of recorded
failure cases is limited, and the data may be incomplete or
heterogeneous.

The overall similarity measure between two cases A
and B is defined as a weighted sum of individual similarity
coefficients.

For two cases 4; = (xi, ..., x,) and B; = (1, ..., y»), the
similarity Si(A,B) is calculated using the formula [14]:

S(4,B) = T, w; - sim;(4;, By), (1)

where sim;(4;, B;) € |0,1| — is the partial similarity

measure for the i - th feature, and w; is the weight of the i-
th parameter.

Table 1

Classification of typical failures and diagnostic features

Failure

Type Temperature Vibration

Failure A =90°C 2.0-3.5
mmy/s

Failure B T5-85°C 1.5-2.5
mmy/'s

Failure C =85°C 2.5-4.0
mmy/'s

Pressure Typical Symptoms

=10 bar Often associated with cooling system
overheating

-9 bar Related to gradual bearing wear

9-11 Observed with unstable fuel supply

bar
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The partial similarity functions are defined as fol-
lows:

Absolute Difference Similarity (for numerical fea-
tures normalized to [0,1]):

. |4; — B
simi (4, By) = max(4;) — min (4;)

Cosine Similarity (for categorical features, such as

failure type, encoded using one-hot encoding) [15]:
CoBr

A1 1B

Euclidean Similarity (for normalized numerical pa-
rameters, such as failure probability or risk category) [16,
17]:

SiM; cos (Ai' Bi) =

Sim; euc (A, B) =1 —|4; — Byl

Jaccard Similarity (for set-based features, e.g., failure

subsystems) [18]:
. |[A; N By
Slmz.euc(Au Bl) - IAL U Bll

For practical implementation in the context of ship
engine unit (SEU) diagnostics, the following specification
of the similarity measure is used. The formal definition of
similarity between cases is implemented using the k-near-
est neighbors (k-NN) method, which calculates the similar-
ity between cases. The parameter weights are optimized to
reflect their relative importance:

S(A,B) = 3%, w; - d;(4;, B, )

where w; — weight of the i-th parameter;

d;(4,;, B;) —dissimilarity measure of the iii-th param-
eter between cases 4; and B;;

n — total number of parameters

To improve diagnostic accuracy, the case base is reg-
ularly updated and optimized. The case similarity is calcu-
lated as follows:

1.2¢

Final similarity S(A;, B;)

fs-]

0.2F

0.0

— YS_I
10f
07 | .
0.6}
04t

S(A;,B) = ag; - deypesi(Ai Bi) + Bsi -
dprobability.i(Ai' Bi) + Vsi® dcomponents.i(Ai' Bi)' (3)
where d¢yp,es.:(4;, B;) — similarity measure of failure
types;
dprobavitity.i (Ai, B;) — difference in failure probabil-
ities;
d components.i (Ai, B;) — similarity of affected compo-
nents;
s, Bsir Vsi — Weighting coefficients reflecting the
importance of different comparison aspects.
dtypes.i (4;,By) =
1,if the failure types are identical
0.5,if they belong to the same category,
0,if they are different

dprobability.i(Air Bi) =1- |P(Ai) - (Bi)l’

C(A)NC(B;
dcomponents.i(Ai' B) = Wa

where P(4;) and (B;) — are the failure probabilities
of components;

C(4;) and C(B;) — are the sets of components in-
volved in the failures. This allows for a quantitative assess-
ment of the overlap between affected subsystems.

For normalization of the overall metric, the following
is used:

S(A;, By)
S. ' B)= ———~Y 17
norm(AU Bl) As.i + ﬁs.i + Vs.i

The coefficients a,;, B,; and y,; are selected via op-
timization to minimize classification error. Figure 1 shows
a diagram of the influence of g, B,; and y,; on the final
similarity score between precedent pairs. The number of
the precedent pair is given on the x-axis.

ag;
Lll:FY]

3 4 5
Couple of precedents A;, Bj

Fig. 1 — Diagram of the influence of ay;, S, ; and y,;on the final similarity between precedents
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The visualization of the components a, ;, B;; and y;
in the structure of the similarity metric S(A4;, B;) illustrates
their respective contributions to the overall analogy assess-
ment between precedent pairs. The coefficient ay; reflects
the influence of failure type: when the types match,
diypes.i(A;, By) tends toward 1, amplifying the similarity
score even with a moderate weight. In the case of mis-
match, the influence drops significantly, which reduces the
risk of false positives.The components g3, ; (related to prob-
ability) and y,; (component overlap) provide smooth com-
pensation in scenarios where failure types differ, enhanc-
ing both the interpretability and adaptability of the model.
This structure ensures that precedent comparison remains
robust to data heterogeneity. Looking ahead, it would be
appropriate to integrate probabilistic inference mecha-
nisms to account for prior probabilities and uncertainty.

Approach 1: Probabilistic weighting of parameters.

The weight w; for a parameter can be defined as a
function of the probability of occurrence of the correspond-

ing failure:
wi=f(pi), 4)
where p;— prior probability of the parameter/failure
Approach 2: Extension of similarity measure through
probabilities
S(A,B) = ¥i-y w; - simy(Ay, B) - Pi(A, B),  (5)
where P;(4;, B;) € |0,1| — the probability of joint oc-
currence of values A; and B; in precedent cases, obtained
from empirical data or an expert-defined model.
Approach 3: Bayesian interpretation.
The model may use similarity as evidence in support
of a diagnostic hypothesis:

P(Hy|observed similarity|) o« P(cxonactBo|H;) -
P(Hy), (6)

where Hj, — the hypothesis of membership in a spe-
cific failure class.

In CBR-based diagnostic systems, the efficiency and
accuracy of precedent matching rely heavily on the correct
measurement of their similarity. However, the classical
similarity model — based on the weighted sum of partial
distances — overlooks a critical factor: the varying im-
portance of feature matches depending on their probabilis-
tic nature and context.

To improve the interpretability and reliability of re-
sults, this study employs a modified similarity metric that
incorporates a probabilistic multiplier reflecting the fre-
quency of joint feature occurrences or their statistical rele-
vance. This approach accounts not only for how close the
features are in value but also for how typical such a match
is among known failure cases.

In Equation (5), the traditional similarity measure is
adjusted by the coefficient P;(4;, B;), which acts as a cred-
ibility filter. Even when values A; and B; are numerically
close, the final similarity score is lowered if their match is
statistically rare in diagnostic practice. Conversely,

moderate similarity may be weighted more heavily if it fre-
quently appears in similar failure scenarios.

For example, if the “oil temperature” differs by only
2°C between two precedents, but such values occur under
different operating conditions, the similarity would be
overestimated without probabilistic correction.

The use of the multiplier P; mitigates this effect. Qil
temperature can be measured in various contexts: in the
crankcase of a diesel engine — indicating overall thermal
state; at the radiator/heat exchanger inlet — reflecting cool-
ing effectiveness and thermal load; after the radiator — crit-
ical for assessing the cooling system's condition; in the
gearbox — especially relevant for ships using electric pro-
pulsion via gearboxes.

Advantages of this approach include: flexibility: it
does not alter the logic of the existing model; improved re-
liability: incorporates real-world probabilities; interpreta-
bility: each contribution to the final metric has a statistical
justification; ease of integration: can be implemented using
an existing case database.

If weight optimization or model training is later ap-
plied, the probabilistic multiplier may either be adapted or
replaced with a conditional probability derived from Naive
Bayes models or decision trees. To evaluate the influence
of the probabilistic component on the final similarity score
between precedents, a comparative plot (Fig. 2) was con-
structed, showing the difference between the classical and
the probability-weighted similarity metrics.

As shown in Figure 2, the similarity index weighted
by probability is often lower, especially for rare failures,
because critical features are assigned greater importance.
When such features match, however, the resulting similar-
ity score is higher. This leads to a reordering of the ranking
and a more accurate risk assessment. The probabilistic ap-
proach enhances the model’s sensitivity to rare but signifi-
cant similarities, which is crucial for diagnosing failures in
SPP.

The optimization of parameter weights allows the
model to reflect their diagnostic relevance. The coefficients
agi, Bs; and y,; are optimized using the Limited-memory
Broyden—Fletcher—Goldfarb—Shanno algorithm with Box
constraints (L-BFGS-B) [19, 20], which minimizes the fol-
lowing loss function;

](as.il ﬁs.il Vs.i ) = Z?/I(Snorm(At Bi) - yi)zv

where y; - binary label (1 if the precedents are con-
sidered similar, 0 otherwise) for the training set of M
known pairs.

The optimization process included several stages:

e Formation of a training dataset containing prece-
dent pairs with known expert-assigned similarity labels;

o Initialization of the weight coefficients;

e Evaluation of optimization quality on a test da-
taset.
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Fig. 2 — Comparison of similarity index between precedents with and without the probabilistic component

The L-BFGS-B method was chosen due to its effi-
ciency under constraint conditions and its good conver-
gence behavior on small datasets. Unlike standard gradient
descent, it does not require manual step size selection and
inherently respects weight boundaries. The optimization is
implemented using scipy.optimize, with specified initial
weights, a custom error function, and its minimization.

import numpy as np

from scipy.optimize import minimize

# Reference similarity scores (from the training set)
y_true = np.array([...]) # expert evaluations

# Function to compute similarity between precedent
pairs based on weights
def similarity_model(weights, data_pairs):
similarities =[]
for pair in data_pairs:
# Combination of different similarity metrics
(hypothetical example)
sim = (weights[0] *
ity(pair[0]['type’], pair[1]['type]) +
weights[1] *
ity(pair[0]['prob™], pair[1]['prob']) +

cosine_similar-

euclidean_similar-

weights[2] * jaccard_similar-
ity(pair[0]['risk'], pair[1]['risk']) +
weights[3] * jaccard_similar-

ity(pair[0]['subsys], pair[1]['subsys']))
similarities.append(sim)
return np.array(similarities)

# Objective function: MSE between expert labels and
model predictions

def objective(weights, data_pairs, y_true):
y_pred = similarity_model(weights, data_pairs)
return np.mean((y_true - y_pred) ** 2)

# Initial weights

initial_weights = [0.25, 0.25, 0.25, 0.25]

# Bounds: each weight must be between 0 and 1
bounds = [(0, 1)] * 4

# Optimization

result = minimize(objective, initial_weights,
args=(data_pairs, y_true), method="L-BFGS-B',
bounds=bounds)

optimal_weights = result.x

The provided code implements the process of opti-
mizing the weights of parameters used in evaluating the
similarity between fault precedents. The optimization is
performed using the L-BFGS-B method based on minimiz-
ing the mean squared error (MSE) between model predic-
tions and expert assessments of similarity.

Figure 3 illustrates the behavior of the objective func-
tion (mean squared error) over the course of the L-BFGS-
B optimization iterations.

As shown in Figure 3, the error value rapidly de-
creases during the initial steps and stabilizes after 10-15 it-
erations, indicating convergence of the method and the
achievement of stable optimal weight values.

To demonstrate the similarity assessment model, two
failure precedents (A and B) of SPP equipment are com-
pared across four parameters: failure type, failure probabil-
ity, risk category, and affected subsystems. Table 2

122 KOMITIOTEPHI HAYKU TA THOOPMALIMHI TEXHOJIOI'Ti

13



BICHUK ITPUA30OBCBKOTI'O JEPZKABHOI'O TEXHIYHOI'O YHIBEPCUTETY

2025p. Cepisi: TexHiuni Haykn Bun. 50
p-1SSN: 2225-6733; e-ISSN: 2519-271X

provides an example of similarity calculation between two
precedents, illustrating the application of the model.

The final similarity between precedents A and B is
0.958, indicating a high degree of parametric closeness.
The model offers a flexible and interpretable approach to
fault similarity assessment, accounting for heterogeneous

data types — numerical, categorical, and set-based features.
It utilizes specialized similarity metrics, trainable weights
based on labeled datasets, and normalization of the final
score. This configuration ensures accurate and adaptive di-
agnostics, enhancing the reliability of identifying analo-
gous cases under operating conditions of SPPs.

« 0.175 4 ﬂ
£
]
w 0,150
2
0.125 A
0.100 A
0.075 A
0.050 A
0.025 A
0.000 A
L L T T T
0 20 40 60 80
Iteration
Fig. 3 — Behavior of the objective function (mean squared error) during optimization iterations
Table 2
Example of similarity calculation between two failure precedents
Partial
Similarity Weight Contribution
Parameter Precedent A Precedent B Type 5; W W; - 5
Equipment Diesel Diesel cateqg. 1.0 0.15 0.15
Type Generator Generator
Operating 1200 h 1000 h num. 0.83 0.10 0.083
Time to Failure
Failure Type Owerheating Overheating cateqg. 1.0 0.20 0.20
Temperature, 85 90 num. 0.92 0.15 0.138
°C
Pressure, MFPa 2.1 2.0 num. 0.95 0.15 0.143
Vibration, 4.5 4.8 num. 0.94 0.10 0.094
mm/s
Operating Tropics Tropics cateq. 1.0 0.15 0.15
Conditions
Sum 0.958
122 KOMITIOTEPHI HAYKU TA THOOPMALIMHI TEXHOJIOI'Ti 14
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Conclusions

This paper addresses the development of a unified
similarity assessment model for precedents, aimed at appli-
cation within intelligent decision support systems for diag-
nosing failures in ship power plant (SPP) equipment. The
proposed model accounts for the heterogeneous nature of
diagnostic data and implements an adaptive approach to se-
lecting similarity metrics — Euclidean, cosine, and Jaccard
— depending on the feature type (hnumerical, categorical, or
set-based). To improve the accuracy of matching, feature
weighting is introduced based on diagnostic relevance, im-
plemented using numerical optimization. This ensures the
model’s flexibility and adaptability to changing opera-
tional conditions and equipment configurations.

The formalized structure of a precedent and the pro-
posed classification of typical failures provide a standard-
ized representation of diagnostic information, simplifying
the implementation of matching algorithms within the
CBR methodology. A review of existing methods revealed
their limitations when applied to incomplete, heterogene-
ous, and poorly structured data, underscoring the relevance
of the proposed approach. The matching algorithm, which
incorporates operational context, demonstrates interpreta-
bility, scalability, and practical applicability in intelligent
diagnostic systems. Its deployment improves the reliability
and timeliness of failure identification and contributes to
the overall reliability, safety, and efficiency of ship power
plant operations — particularly under conditions of limited
training data and high failure variability.
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Cyuacni cyonosi enepeemuyni ycmanosku (CEY) € sucokomexnonoziunumu KoMnaeKcamu, QYHKYioHy8anHsL AKUX CYRpo-
8002ICYEMBCI NOCMITIHUM 300POM MA AHATIZ0M 8eIUKUX 00Cs12i68 dlacHocmuynux Oanux. ITiosuwenns egpexmusnocmi me-
XHIYHOI excniyamayii maxux cucmem nompeoye po3pooKu iHmeieKmyaibHux 3acodie 0iazHOCmuKY, 30amHUxX 00 moy-
HO20 PO3NIZHABAHHS Ul IHMepNpemayii munosux iomos. Y cmammi po3enanymo 3a0auy OYiHio8aHHs CIyneHs nooioHo-
cmi midic npeyedenmamu 6 pamkax memooonozii Case-Based Reasoning (CBR), wjo € akmyanbHum nioxooom 3a ymos
0OMediceHOl HaguanvbHoi 8UbIpKU ma 8ucoKkoi sapiamusHocmi 8i0mo8. [1o0ano ananimuunull 02150 CYYaACHUX Memoois
OYIHIOBANHS NOOTOHOCMI, 30KPEMA MEMPUYHUX NIOX0018, azpezylouux onepamopis (30kpema inmeepana Yoxkema), 102iko-
BUBIOHUX CUCTEM MA CEMAHMUYHUX epaposux mooenell. Busnaueno oCHOBHI 0OMedIceHHs Yyux nioxo0is: HU3bKA a0anmu-
BHICMb 00 2eMEPO2EHHUX OAHUX, CIAOKA THMEPNPEMOBaAHiCMb Pe3yIbMamis i GUCOKA 3AeJCHICIDb 8i0 anpiophoi ingop-
mayii. Aemopamu 3anponoHO8AHO YHIMIKOBAHY MOOelb BUSHAYEHHS NOOIOHOCMI, SIKA 6PAX08YE PIZHOPIOHICMb Oid2HOC-
MUYHUX O3HAK. ¥ MoOeni peanizo8ano inmezpayiro pisHux mempux (e8xnioogoi, kocunycrnoi ma Kaxkxapa) 3anesicno 6io
muny 0aHux (YUCN08i, Kame2opu308ami, MHOJICUHHI). [liazHocmuuna 3Ha4ywicms 03HAK 3a0AEMbCS 8A208UMU Koepiyic-
HMamu, SKI 6USHAYAIOMbCS YUCENbHOIW onmumizayielo. Y pobomi makodc noOaHo opmanizoeanuti Onuc cmpyKkmypu
npeyeoenma, Kiacugikayiio munosux 6ioMos ma ai20pumm 3iCmagnenHts 3 ypaxyeanHam KOHmeKcmy excniyamayii. 3a-
NPONOHOBAHUN NIOXIO 3a06e3neuye IHmepnpemosanicmos, A0anMUSHICMb I MACUMAado8anicms MOOeL, U0 NiOMeepoiCye
i1 3acmocogHicmb 6 IHMeNeKmyanbHUX cCucmemax NiOMpUMKU RPUUHAMM pilieHsb 015 OiaeHOCMUKU 8I0MO8 00IAOHAHHS
CEY. Ilpaxmuuna peanizayis mooeni cnpusmume nioguujennio naditinocmi, besnexku i epekmusHocmi excniyamayii
MOPCHKUX MEXHIYHUX CUCTEM.

Knrouosi cnosa: inmenexmyanvui cucmemu niOmpumMKy RPULHAMms piulens, CyOH08A eHepeemuyHa YCMaHo8Kd, 8iOM08d
obnaonanns, npeyeoenm, Case-Based Reasoning, noodiouicme npeyedenmies, mempuxa, inmepnpemosanicnb.
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