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Abstract. This study aimed to develop a methodological
framework for the systematic assessment of vehicle
technical condition and determine its role in optimising
production processes at motor transport enterprises. The
research methodology was based on a quantitative design
that combined system analysis, simulation modelling,
comparative analysis, multi-criteria assessment, and
binary logistic regression to evaluate the relationship
between vehicle condition and failure probability. A
simulated dataset representing the operation of 50 vehicles
over a 12-month period was generated using Monte Carlo
simulation to reproduce stochastic operational variability
typical for medium-sized motor transport enterprises.
The dataset included technical, operational, reliability,
and economic parameters. To ensure comparability of
heterogeneous variables, min-max normalisation was
applied, followed by the development of an integrated
technical condition indicator using dynamic weighting

coefficients based on expert evaluation and correlation analysis. Model validation was conducted using Nagelkerke
R2, Mean Absolute Error, Root Mean Square Error and Wald statistical tests to determine the significance of regression
coefficients. The results demonstrated that the proposed model enables comprehensive classification of vehicles
according to technical readiness and significantly improves maintenance planning efficiency compared with traditional
scheduled maintenance approaches. The analysis showed that technical deterioration combined with high operational
load substantially increases failure probability. The proposed framework reduced unplanned vehicle downtime by
42%, decreased maintenance costs by 20%, and improved prediction accuracy from 62% to 85%. The regression model
confirmed a strong inverse relationship between the integrated technical condition indicator and vehicle failure
probability. The practical significance of the study lies in providing motor transport enterprises with a data-driven tool
for predictive maintenance planning, resource allocation, fleet modernisation decisions, and improving operational
reliability under dynamic transport conditions
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”Introduction™

In the context of the modern development of the motor
transport industry, the effective management of the tech-
nical condition of vehicles has become a critical factor in
enhancing the productivity, reliability, and competitive-
ness of motor transport enterprises. The unreliability of
the fleet often results in unplanned downtime, increased
operational and maintenance costs, reduced efficiency of
production processes, and elevated risks of accidents, all
of which negatively impact the safety and continuity of
transportation services. Consequently, there is a growing

need to implement a systematic assessment of the techni-
cal condition of vehicles, which enables enterprises to ob-
tain comprehensive, real-time information about vehicle
performance, detect emerging issues, and predict the ne-
cessity of repair and preventive interventions. A system-
atic approach integrates multiple methods, including ad-
vanced diagnostics, continuous monitoring, and in-depth
analysis of operational data, creating a holistic frame-
work for assessing vehicle condition. Such an approach
not only ensures the timely identification of defects and
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failures but also enhances the efficiency of maintenance
planning, reduces unplanned downtime, and extends
the service life of fleet assets. The application of modern
information technologies, telematics systems, Internet
of Things (IoT)-based sensors, and specialised software
platforms for data collection and processing allows en-
terprises to optimise production processes, streamline
maintenance operations, and improve decision-making
at both tactical and strategic levels. Furthermore, the sys-
tematic assessment of vehicle technical condition serves
as a strategic instrument for resource management, en-
abling enterprises to balance operational efficiency with
cost-effectiveness. By integrating predictive analytics and
organisational measures, this approach supports the de-
velopment of evidence-based maintenance schedules,
the prioritisation of high-risk vehicles, and the optimal
allocation of technical and financial resources. Therefore,
it functions not merely as a tool for monitoring and im-
proving safety but as a core component of an enterprise’s
strategic management system, contributing to enhanced
fleet reliability, operational stability, and competitiveness
in the dynamic transport services market.

Recent scientific studies demonstrate increasing atten-
tion to predictive maintenance, digital diagnostics, and da-
ta-driven fleet management systems in response to rising
operational costs, sustainability requirements, and stricter
safety regulations in transport enterprises. A significant
body of research is devoted to machine learning-based
predictive maintenance models. H. Taoufyq et al. (2025)
provided a systematic review of machine learning methods
applied to predictive maintenance and confirm their supe-
riority over traditional rule-based approaches in failure pre-
diction accuracy. However, their study primarily focuses on
algorithmic performance without addressing integration
into enterprise-level production planning. Complementary
results are presented by A. Patil et al. (2021), who analysed
maintenance strategy selection paradigms and emphasised
that the effectiveness of predictive approaches strongly
depends on organisational context and decision-making
structures, which are often overlooked in purely technical
models. Recent developments in predictive maintenance
selection frameworks are discussed by W.W. Tiddens et
al. (2023), who proposed a decision-support structure for
choosing appropriate maintenance strategies depending
on system complexity and data availability. Although their
framework improves methodological consistency, it does
not explicitly consider transport fleet operational dynam-
ics or economic constraints. The role of digital twins and
IoT-enabled monitoring in transport maintenance systems
is increasingly emphasised. B. Xiao et al. (2024) showed
that digital twin technologies enable real-time condition
monitoring and predictive simulation of asset degrada-
tion. Similarly, C.W. Eddy et al. (2024) demonstrated that
digital twins significantly enhance predictive maintenance
performance for ground vehicles. However, these studies
mainly focus on technological implementation, while is-
sues of integration with production planning and mana-
gerial decision-making remain insufficiently addressed.
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Condition monitoring and diagnostic indicator op-
timisation are also important research directions. U. Ja-
chymczyk etal. (2024) highlighted theimportance of select-
ing relevant diagnostic indicators to improve the accuracy
of intelligent condition monitoring systems. In a related
study, V. Aulin er al. (2024) proposed a comprehensive ve-
hicle condition assessment model based on Harrington’s
desirability function, integrating multiple technical indi-
cators into a unified evaluation index. Nevertheless, both
approaches rely on relatively static evaluation structures
and limited adaptability to changing operational condi-
tions. From a fleet management perspective, G. Nota et
al. (2024) proposed a context-aware unsupervised pre-
dictive maintenance model that improves adaptability in
dynamic operational environments. Y. Wang et al. (2021)
further demonstrated that simulation-based optimisation
of fleet maintenance scheduling can significantly improve
operational efficiency. Despite these advances, most
models still treat maintenance and production planning
as separate processes. However, their analysis does not
include multi-criteria decision-making frameworks for
enterprise-level optimisation. Safety and regulatory as-
pects of vehicle condition monitoring are highlighted by
I. Chernyaev et al. (2020) and P. Gorzelanczyk et al. (2023),
who demonstrated that continuous monitoring of tech-
nical condition directly contributes to road safety im-
provement. Meanwhile, J. Hudec et al. (2021) emphasised
the influence of vehicle age and inspection outcomes on
safety compliance in European transport systems. Final-
ly, T. Zonta et al. (2021) provided a comprehensive review
of predictive maintenance in Industry 4.0, identifying key
challenges such as system interoperability, data hetero-
geneity, and integration with enterprise processes. Their
findings confirmed that while technological solutions are
rapidly advancing, their transformation into integrated
decision-support tools for transport enterprises remains
insufficiently developed.

Thus, existing research confirms significant progress
in predictive maintenance, digital diagnostics, and fleet
optimisation methods. However, most studies consider
technical, operational, and economic aspects separate-
ly. Insufficient attention is given to their integration into
a unified adaptive framework that directly supports pro-
duction process optimisation in motor transport enter-
prises. This research gap defines the relevance and objec-
tives of the present study. The purpose of this study was
to develop a methodological framework for the systematic
assessment of vehicle technical condition and to deter-
mine its role in optimising production processes at motor
transport enterprises. To achieve this purpose, the follow-
ing research tasks were formulated:

1. To substantiate the set of technical, operational, re-
liability, and economic indicators that should be integrat-
ed into a comprehensive assessment of vehicle technical
condition;

2. To propose an integrated indicator for vehicle con-
dition assessment based on heterogeneous operational
data and multi-criteria analysis;
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3. To verify the effectiveness of the proposed assess-
ment model in comparison with traditional maintenance
approaches in terms of downtime reduction, maintenance
cost optimisation, and prediction accuracy.

”Materials and Methods™

This study employed a quantitative research design
based on mathematical and simulation modelling aimed
at developing and validating a methodological frame-
work for the systematic assessment of vehicle technical
condition in the context of production process optimi-
sation at motor transport enterprises. The research in-
tegrated system analysis, multi-criteria modelling, com-
parative analysis, and regression analysis. The object
of the study was the process of technical maintenance
management of vehicle fleets at motor transport enter-
prises. The subject of the study was methodological ap-
proaches to assessing vehicle technical condition based
on integrated technical, operational, reliability, and eco-
nomic indicators. Due to the absence of open industrial
datasets that simultaneously include diagnostic, opera-
tional, reliability, and economic parameters, a simula-
tion dataset was generated. The dataset reproduced the
operation of a fleet of 50 vehicles over a 12-month peri-
od and reflects the typical conditions of medium-sized
motor transport enterprises. Monte Carlo simulation
was used to generate repeated operational scenarios
and reproduce stochastic variations in mileage, failure
frequency, maintenance costs, and operational load
conditions. Parameter ranges were selected according
to values reported in predictive maintenance studies,
which ensures the representativeness of the simulated
data for real operating conditions.

Four groups of variables were included: technical in-
dicators (engine temperature, braking efficiency, trans-
mission performance, chassis condition); operational
indicators (mileage, driving mode, vehicle load factor,
route complexity); reliability indicators (failure frequen-
cy, mean time between failures); economic indicators
(maintenance costs, spare parts costs, downtime losses).
At the stage of data preprocessing, a normalisation pro-
cedure was applied to ensure comparability between het-
erogeneous operational indicators measured in different
units and ranges. Normalisation was performed using the
min-max method, which transforms each indicator to a
dimensionless scale in the interval [0,1] according to the
following expression (Zonta et al., 2021):

Pi(t)-PM"
pmax_pmin )’ (l)
i i

Pinorm (t) —
where P,(t) is the current value of the i-¢h indicator at time
t; P/min and P/ are the minimum and maximum admissi-
ble values of this indicator determined from operational
statistics and technical documentation.

This procedure eliminated dimensional inconsisten-
cy and prevented domination of indicators with larger nu-
merical ranges during aggregation. The normalised values
were subsequently used in the calculation of the integral
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indicator of technical condition. Based on normalised
values, an integrated technical condition indicator was
calculated (Aulin er al., 2024):

1(t) = XL, wi(O)P(E), 2

where P,(t) are normalised indicators and w;,(?) are dy-
namic weighting coefficients determined using a hy-
brid approach combining expert evaluation and corre-
lation analysis.

To assess the relationship between vehicle condition
and failure probability, binary logistic regression was ap-
plied. The dependent variable was vehicle failure prob-
ability. Independent variables included the integrated
technical condition indicator, mileage, operational load
factor, and maintenance costs. Logistic regression was
chosen due to the probabilistic nature of failure events.
Regression assumptions were tested, including absence
of multicollinearity, linearity of the logit for continuous
predictors, and independence of observations. Model
validity was evaluated using Nagelkerke R2, Mean Abso-
lute Error (MAE), Root Mean Square Error (RMSE), t-tests
for coefficient significance, and p-values. The proposed
model was compared with a traditional scheduled main-
tenance approach based on fixed service intervals com-
monly used at motor transport enterprises. To reproduce
stochastic variability of real operating conditions, Gauss-
ian noise was added:

x =x+ N(0.02), 3

where N(0.02) - normal (Gaussian) distribution with zero
mean and variance o2.

This reduced overfitting and improved model gener-
alisation. The model was validated using simulated data
for 50 vehicles over 12 months within the following rang-
es: mileage 20,000-180,000 km, failure rate 0.1-1.5 per
1,000 km, maintenance cost variation +30%, and opera-
tional load factor 0.5-1.0.

"Results and Discussion™

Within the developed methodological framework, sys-
tematic assessment involves a holistic analysis of all fac-
tors influencing the operational readiness of a vehicle.
Unlike traditional maintenance approaches based on
fixed schedules and regulatory intervals, this approach
integrates technical, operational, reliability, and eco-
nomic dimensions of vehicle performance. These in-
clude the condition of key systems such as the engine,
transmission, braking system, and chassis; the intensi-
ty and conditions of operation; the frequency and crit-
icality of failures; and economic indicators reflecting
maintenance and repair costs (Lei et al, 2018). Such
an approach enables a transition from reactive main-
tenance practices to evidence-based decision-making
and resource allocation. The methodological frame-
work combines diagnostic measurements, telematics
and IoT data, historical failure records, and operational

Transport Systems and Technologies. 2026. Vol. 29, No. 1




42

Systemic assessment of the technical condition...

reliability indicators (van Dinter et al., 2022). These
data are processed to generate a composite indicator of
technical condition, which reflects the overall readiness
of each vehicle and serves as a basis for planning preven-
tive maintenance, repairs, and optimal fleet utilisation
within production processes. A key advantage of this
approach is its predictive capability, as noted by T. Zon-
ta et al. (2021). By analysing real-time trends in vehicle
condition, it becomes possible to anticipate failures and
implement preventive actions that reduce unplanned
downtime. The integration of IoT technologies, telem-
atics systems, machine learning algorithms, and auto-
mated analytics ensures continuous monitoring and
interpretation of operational data. This supports failure
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risk assessment, component lifetime prediction, and op-
timisation of maintenance schedules, thereby improving
fleet reliability, operational efficiency, and cost perfor-
mance. A relevant element of the system is the forma-
tion of an integrated indicator that combines partial in-
dicators reflecting different aspects of vehicle operation,
reliability, and efficiency (Aulin et al., 2024). This enables
classification of vehicles according to their technical
readiness and supports prioritisation in maintenance
planning, which is essential for optimising production
processes in motor transport enterprises. The structure
of the integrated indicator is presented in Table 1, which
summarises the main groups of indicators, their charac-
teristics, and examples of measured values.

Table 1. Main indicators of the systematic assessment of the technical condition of vehicle

Technical ~Operating parameters of the main systems

Brake system pressure, engine temperature, transmission efficiency

Operational Conditions and intensity of use

Mileage, driving mode, load factor, route profile

Reliability ~ Frequency, type, and criticality of failures

Mean uptime, number of critical failures per 1,000 km,

mean time between failures

Economic Maintenance and repair costs

Cost of downtime, expenditure on spare parts, labour costs for repairs

Source: developed by the authors

The systematic assessment of the technical condi-
tion of vehicles provides a structured and comprehensive
framework for evaluating fleet performance across mul-
tiple dimensions. Technical indicators reflect the opera-
tional status of key vehicle systems, enabling the detection
of deviations from normative parameters and early iden-
tification of potential failures. Operational indicators cap-
ture the conditions under which vehicles are used, includ-
ing mileage, driving mode, and intensity ofload, which are
critical for understanding wear patterns and planning pre-
ventive interventions. Reliability indicators allow for the
quantification of past failures and operational dependa-
bility, supporting predictive maintenance strategies and
resource allocation decisions. Economic indicators link
technical performance with financial metrics, enabling
assessment of the cost-effectiveness of maintenance prac-
tices and identifying opportunities for optimising repair
and operational expenses. The integration of these indica-
tors into a systematic assessment directly contributes to
the optimisation of production processes in motor trans-
port enterprises. It allows for more informed planning of
vehicle utilisation and scheduling, reduces unplanned
downtime, increases the technical readiness coefficient of
the fleet, and promotes rational allocation of repair and
maintenance resources. Consequently, enterprises benefit
from reduced overall operational costs, improved stability
and predictability of transport operations, and enhanced
efficiency in the use of rolling stock. By linking technical,
operational, reliability, and economic data, this approach
transforms fleet management from a reactive practice
into a proactive, data-driven strategy that supports both
operational performance and economic sustainabili-
ty. To formalise this integrated assessment framework, a
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mathematical representation of the system is introduced.
In particular, the overall condition of the fleet is described
using a single aggregated measure that combines multi-
ple heterogeneous indicators into one unified index. The
integral indicator, as formalised by V. Aulin et al. (2024), is
defined as:

I =X [wi() - P(D)], 4)
where P,(t) - normalised indicators depending on time and
operating conditions; w,(t) — dynamic weight coefficients.

To ensure consistency and comparability between
different types of input data, a normalisation procedure
is applied prior to aggregation. This step is essential due
to the heterogeneous nature of the operational indicators.
To ensure comparability of heterogeneous indicators,
normalisation was performed using the min-max method
(Zonta et al., 2021):

min
x;(£)—x]
in’
xmax_ximm

Pi(t) = 5)
where x,(#) — actual value of the indicator; x;7i», x7— min-
imum and maximum values within the dataset.
Following normalisation, the next stage concerns
the determination of the weighting coefficients, which
define the relative importance of each indicator within
the integral index. The weight coefficients w, were deter-
mined using a hybrid approach combining expert evalu-
ation and operational data analysis. Initial weights were
assigned based on expert judgment and subsequently
refined using statistical correlations between individu-
al indicators and observed failure frequencies. This en-
sures a balance between domain expertise and empirical
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evidence. According to U. Jachymczyk et al. (2024), this
approach ensures:

[> adaptability to operating conditions;

[> consideration of both engineering expertise and
empirical data;

[> improved robustness of the integral indicator.

The dynamic weight structure is further defined as
(Aulin et al., 2024):

VVz(t) =a;- (L/ Lmax) + ﬂl : (E/ Fmax): (6)

where L - mileage; F, - failure frequency; «,
tance coefficients.

Finally, based on the constructed integral indicator,
the system risk level is derived as a complementary meas-
ure, reflecting the degradation state of the fleet. The risk
function is defined as:

; — impor-

Diagnostic Analysis Formation W - Optimisation
& > oftechnical > of integral > a“f“*‘_ge“a production
data . o decisions
conditiom indicator processes
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The process of systematic assessment of the techni-
cal condition of vehicles is presented in Figure 1. As can
be seen, vehicle diagnostic data is collected and analysed
to form an integral indicator of technical condition. The
obtained indicator serves as the basis for management
decisions regarding maintenance planning, which, in
turn, ensures optimisation of the production processes
of the motor transport enterprise. The diagram consists
of four main stages: data collection, analysis of technical
condition, formation of an integral indicator and making
management decisions to optimise production process-
es. Figure 1 demonstrates how systematic assessment of
the technical condition of vehicles combines monitoring
of technical condition with management decisions to im-
prove the efficiency of the fleet.

Figure 1. Systematic assessment of vehicle technical condition

Source: developed by the authors

Figure 1 illustrates how a systematic assessment of
the technical condition of vehicles integrates continuous
technical condition monitoring with informed manage-
ment decisions, thereby ensuring enhanced operational
efficiency, reliability, and economic performance of the
fleet. According to A. Giannoulidis & A. Gounaris (2022),
the process is structured into four main stages, each con-
tributing to the formation of a comprehensive, data-driv-
en approach to fleet management:

[> Data Collection. This initial stage involves com-
prehensive vehicle diagnostics, the deployment of tele-
matics systems for real-time remote monitoring, and the
analysis of historical failure data. The goal is to establish
a complete and structured information base that reflects
both current operational conditions and past perfor-
mance of the rolling stock. By collecting accurate and
extensive data, enterprises can ensure that subsequent
analyses and decision-making are based on reliable, evi-
dence-based inputs.

> Technical Condition Analysis. At this stage, the
parameters of the main vehicle systems, including the
engine, transmission, braking system, and chassis, are as-
sessed. Operational data, such as mileage, driving modes,
intensity of use, and load conditions, are recorded and
analysed. This stage allows the identification of critical
components, early signs of wear, and patterns that may
indicate potential failures. By analysing these technical
and operational factors together, fleet managers can pri-
oritise maintenance interventions and better understand
the underlying causes of equipment degradation.

> Formation of an Integral Indicator. The collected
technical, operational, reliability, and economic indica-
tors are integrated into a single comprehensive metric

known as the integral indicator of technical condition.
This enables the comparison of vehicles within the fleet,
classification by readiness levels, and identification of pri-
ority targets for maintenance or replacement. The integral
indicator serves as a key tool for strategic planning and
operational optimisation, consolidating multiple dimen-
sions of fleet performance into a single actionable metric.
> Management Decision-Making. Based on the in-
tegral indicator, specific measures are formulated for
scheduling maintenance, allocating repair resources, and
planning vehicle deployment. This ensures the optimisa-
tion of production processes, minimisation of unplanned
downtime, efficient use of repair and financial resources,
and enhancement of overall fleet economic efficiency.
The diagram clearly demonstrates the interconnec-
tion between data collection, condition analysis, for-
mation of an integral indicator, and management deci-
sion-making, highlighting the importance of a systematic,
evidence-based approach to fleet management. Moreover,
the implementation of systematic assessment creates the
foundation for predictive maintenance, where decisions
regarding repairs, preventive interventions, or decommis-
sioning of vehicles are based on forecasts of changes in
technical condition. This predictive approach is particu-
larly valuable for motor transport enterprises with large
fleets, as even minor reductions in downtime can result
in substantial economic benefits, improved service relia-
bility, and more effective utilisation of resources. By com-
bining diagnostic data, operational analysis, and predic-
tive algorithms, systematic assessment transforms vehicle
management from a reactive process into a proactive,
strategic practice (Ersoz et al., 2022). To improve fleet effi-
ciency, modern enterprises use a predictive maintenance

Transport Systems and Technologies. 2026. Vol. 29, No. 1
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approach that integrates with resource management and
production processes. Figure 2 demonstrates the logic of
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interaction of predictive maintenance with rolling stock
planning and repair resource management.

Condition Analysis

e System parameters evaluation

| e Wear trend etection \l/

Data Collection

¢ Vehicle diagnostics
o Telemetry
e Failure history

Feedback & Monitoring

e Performance evaluation
e Adjustment of plans

&——— * Maintenance planning

Predictive Modelling

e Machine learning algorithms
e Failure prediction

.

Fleet Management Integration

e Fleet utilisation optimisation
e Resource allocation

Figure 2. Integration of predictive maintenance with fleet management

Source: developed by the authors

The implementation of an integrated predictive
maintenance system enables motor transport enterpris-
es to transition from traditional reactive management to
a proactive and predictive approach to fleet operations.
Unlike conventional maintenance strategies, which rely
primarily on scheduled inspections or repairs after fail-
ures occur, predictive maintenance is based on forecasts
of changes in the technical condition of vehicles, derived
from continuous monitoring, data analytics, and histor-
ical performance records. This approach allows enter-
prises to anticipate potential malfunctions, plan preven-
tive interventions, and optimise the timing and scope of
maintenance activities. The adoption of predictive main-
tenance significantly reduces unplanned downtime, en-
hances the technical readiness and reliability of rolling
stock, and lowers overall operational costs. According to
J. Hudec et al. (2021), by minimising unexpected equip-
ment failures, enterprises can ensure more consistent
service delivery, improve safety standards, and increase
the lifespan of vehicle components. This is particularly
valuable for organisations operating large fleets, where
even minor reductions in downtime can have substantial
cumulative economic benefits and improve the overall
efficiency of transport operations. The effectiveness of
predictive maintenance is further enhanced through the
automation of data collection and analysis using modern
digital technologies, including telemetry systems, the IoT
devices, and machine learning algorithms. These tools
enable real-time monitoring of vehicle performance,

early detection of anomalies, and dynamic prediction
of component failures. Consequently, managers can
make informed decisions regarding repair prioritisation,
scheduling, and allocation of resources, ensuring that
maintenance activities are both timely and cost-effective
(Carvalho et al., 2019).

Integrating predictive maintenance with broader fleet
resource management provides a systematic framework
for optimising production processes. It supports strategic
distribution of repair capacity, prioritisation of high-risk
vehicles, and rational allocation of technical and financial
resources. Ultimately, this integration enhances the eco-
nomic efficiency of the enterprise, improves operational
reliability, and positions the organisation to meet grow-
ing demands in a competitive transport services market
while ensuring sustainable, data-driven management of
fleet operations. Such formalisation allows adapting the
integral indicator to the operating conditions of a specif-
ic fleet by adjusting the composition of parameters and
weighting factors, provides classification of vehicles by
level of technical readiness, and creates a quantitative ba-
sis for sound planning of maintenance and repair. For a
more visual representation of the difference between the
traditional approach and the systematic assessment of the
technical condition of vehicles, it is advisable to consider
key indicators and characteristics in the form of a compar-
ative table. Table 2 demonstrates the key differences be-
tween the traditional approach to assessing the technical
condition of vehicles and the system assessment.

Table 2. Comparison of approaches to assessing the technical condition of vehicles

Service basis Scheduled intervals

Actual technical condition of the vehicle

Nature of management Passive (repair after failure)

Active (predictive maintenance planning)

Integration level

Individual indicators (node control)

An integral indicator of technical condition that takes
into account technical, operational and economic factors

Impact on production of production processes)

Limited (does not affect the optimisation

Comprehensive (allows planning of the use
of rolling stock and minimises downtime)

Source: developed by the authors

Transport Systems and Technologies. 2026. Vol. 29, No. 1
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As can be seen from Table 2, the traditional approach
to vehicle maintenance is based on regulated intervals
that do not take into account the actual condition of the
equipment and do not allow for a prompt response to
changes in its performance. This approach can lead to
unnecessary costs associated with premature replace-
ment of components, as well as unforeseen failures and
downtime, which negatively affects the efficiency of pro-
duction processes. Instead, the systematic assessment
of the technical condition of vehicles provides a com-
prehensive, predictive-oriented approach that goes be-
yond traditional maintenance practices. This approach
integrates a wide range of information, including tech-
nical parameters, operating conditions, historical failure
data, and the reliability of individual vehicle systems,
thereby forming an integral indicator of the overall tech-
nical condition. Such a metric enables managers to plan
maintenance and preventive interventions in a way that
minimises disruptions to production processes, reduc-
es unplanned downtime, and improves the overall effi-
ciency of fleet operation. By combining diagnostic data,
performance monitoring, and predictive analytics, the
systematic assessment enhances the accuracy of evaluat-
ing the condition of rolling stock, allowing enterprises to
identify potential failures before they occur and to allo-
cate resources more effectively. Moreover, this approach
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contributes significantly to the optimisation of produc-
tion processes within a motor transport enterprise. It
ensures a balance between maximising the operation-
al efficiency of vehicles and achieving resource savings,
while simultaneously enhancing productivity, safety,
and reliability across the fleet. By providing compre-
hensive insights into vehicle performance, it supports
decision-making related to fleet management, repair
scheduling, and investment planning, ensuring that both
technical and economic aspects are taken into account.
For the practical implementation of a systematic assess-
ment of the technical condition of vehicles, a phased
approach is recommended. This allows for a structured
and methodical organisation of data collection, in-depth
analysis of technical condition, and informed manage-
ment decisions. Table 3 summarises the main stages of
system implementation, the specific actions to be per-
formed at each stage, and the expected outcomes. Such a
phased approach facilitates effective planning of mainte-
nance activities, continuous monitoring of technical and
economic efficiency, and seamless integration of collect-
ed data into the enterprise’s strategic fleet management
framework. Consequently, it enables motor transport en-
terprises to achieve sustainable operation, reduce opera-
tional risks, and enhance both short-term and long-term
performance of the vehicle fleet (Bokrantz et al., 2020).

Table 3. Stages of implementing a systematic assessment at a motor transport enterprise

Implementation of diagnostic and telemetry systems

Automated data collection

Analysis of technical condition and failures

Identifying bottlenecks and critical components

Classification of vehicles by technical condition

Maintenance and repair planning

Minimising downtime and optimising resources

1
2
3 Formation of the integral indicator
4
5

Performance monitoring

Control of economic and technical benefits

Source: developed by the authors

In order to verify the effectiveness and practical ap-
plicability of the proposed methodological approach, it
is necessary to conduct a comprehensive experimental
validation. While the theoretical framework and math-
ematical model provide a solid basis for assessing the
technical condition of vehicles, their reliability and pre-
dictive capability must be confirmed through systemat-
ic testing under conditions that approximate real-world
fleet operation. Given the complexity and variability of
working environments in road transport undertakings,
the validation process should take into account numer-
ous influencing factors, including the intensity of vehicle
use, failure rates, maintenance costs and stochastic dis-
turbances inherent in real operating conditions. Thus, a
simulation-based experimental approach is used, allow-
ing controlled variation of key parameters and evalua-
tion of model performance in a representative range of
scenarios (de Jonge et al., 2017). The primary objective of
the experimental study is to assess the accuracy, robust-
ness, and practical efficiency of the proposed model in
predicting vehicle failures and optimising maintenance

processes. To achieve this, a dataset reflecting typical op-
erational characteristics of a vehicle fleet is generated,
and a set of quantitative performance metrics is applied
to compare the proposed approach with conventional
maintenance strategies. Following data preprocessing
and noise augmentation, the model performance was
evaluated using a set of standard and domain-specific
metrics, including MAE, RMSE, Prediction Accuracy, and
Downtime Reduction Ratio. These indicators provide a
comprehensive assessment of both predictive precision
and operational effectiveness (Wang et al., 2021):

MAE = =% Iy, = 9; |, ®)

RMSE = /%2(% - 92, 9)

To benchmark the proposed approach, its perfor-
mance was compared against several baseline methods,
including threshold-based maintenance, a static weighted
model, and a random scheduling strategy. The compara-
tive results are summarised in Table 4.
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Table 4. Comparative performance evaluation of the proposed model and traditional maintenance approach

Downtime reduction 42% 18%
Cost reduction 20% 8%
Accuracy 85% 62%
RMSE 0.12 0.29

Source: developed by the authors

Table 4 demonstrates the superiority of the proposed
model across all key operational indicators. In addition
to the performance assessment, a regression analysis was
carried out to further examine the relationship between
the system state indicator I(#) and the probability of fail-
ure. The regression results confirmed the anticipated re-
lationship: variations in I(#) significantly affect the like-
lihood of failure, indicating that it can serve as a reliable
indicator for predictive maintenance. The relationship
between I(#) and failure probability was modelled using a
logistic function:

1
1+e-@+bi(®)’

R() = (10)
coefficient of determination R2=0.91

The key findings indicate that the incorporation of
dynamic weights led to a 12-18% improvement in predic-
tion accuracy, while the integration of economic indicators
contributed to cost reductions of up to 20%. Furthermore,
the implementation of predictive maintenance resulted
in a decrease in downtime of over 40%. Collectively, these
results confirm the applicability of the proposed model for
real-world fleet management systems, demonstrating its
effectiveness in enhancing both operational performance
and economic efficiency. The obtained results are consistent

with previous studies on predictive maintenance and
fleet management optimisation. Compared to traditional
approaches, the proposed model provides a more com-
prehensive and flexible framework for assessing vehicle
condition. The integration of multiple indicator groups
into a single metric allows for improved decision-making
and resource allocation. In contrast to static models, the
use of dynamic weights enhances adaptability to chang-
ing operating conditions. However, the study has certain
limitations related to the use of a limited dataset and the
absence of real-time industrial validation, which should
be addressed in future research. Beyond the quantitative
evaluation of model performance and statistical valida-
tion, it is also important to consider the system-level im-
plications of the proposed framework. The obtained results
confirm that the developed approach is not only effective
in terms of predictive accuracy but also supports a transi-
tion toward an integrated fleet management architecture.
In particular, the implementation of all stages presented
in Table 3 enables the enterprise to move from fragment-
ed control of the technical condition of individual vehicles
to a unified, data-driven fleet management system based
on real-time information and predictive analytics. Fig-
ure 3 illustrates the relationship between the probability
of vehicle failure and the integrated condition indicator.
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Figure 3. Relationship between integral indicator and probability of vehicle failure

Source: developed by the authors

Figure 3 illustrates a strong inverse relationship be-
tween the integral indicator of a vehicle’s technical con-
dition and the probability of its failure: as the value of the
integral indicator increases, the risk of failure decreases.
This transition ensures timely maintenance planning,
reduces the risk of unplanned downtime, optimises the
utilisation of repair resources, and improves the overall
economic efficiency of the enterprise. Furthermore, the
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proposed system forms a foundation for strategic fleet
development, enabling long-term risk assessment and
supporting informed decisions regarding vehicle mod-
ernisation or replacement. The overall procedure of sys-
tem operation can be formalised as a sequential algorithm
comprising several stages. Initially, data are collected from
IoT devices and diagnostic systems, followed by pre-pro-
cessing to ensure consistency and quality. Next, the data
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undergo normalisation, after which relevant indicators
are calculated. These indicators are then aggregated into
an integral index, which is used to classify vehicles accord-
ing to their operational status. Finally, the results of this
classification inform decision-making, enabling timely
interventions and optimised fleet management.

The obtained results confirm the effectiveness of the
proposed systematic approach to assessing vehicle tech-
nical condition within predictive maintenance systems
and production process optimisation at motor transport
enterprises. The developed model demonstrated im-
provements in reducing vehicle downtime, increasing
forecasting accuracy, and enhancing maintenance cost
efficiency compared with traditional scheduled main-
tenance approaches. These findings align with current
trends in the digital transformation of maintenance man-
agement, where data-driven and adaptive decision-sup-
port systems are increasingly replacing static planning
strategies. Recent research by S. Werbiriska-Wojciechows-
ka et al. (2024) highlighted the role of digital twin tech-
nologies in transportation maintenance systems. Their
systematic review showed that digital twins enable con-
tinuous synchronisation between physical vehicles and
their virtual models, improving diagnostic precision and
operational transparency. In contrast to their primarily
architectural focus, the present study extended this con-
cept by integrating adaptive weighting coefficients and
multi-criteria evaluation indicators tailored specifically
for motor transport enterprises, thereby enhancing prac-
tical applicability in production environments. Further
evidence supporting the obtained results was provid-
ed by A. Crespo del Castillo & A.K. Parlikad (2024), who
proposed a dynamic fleet management framework that
integrates predictive and preventive maintenance with
operational workload balancing. Their findings demon-
strated that coordinated scheduling of maintenance and
transport operations can significantly reduce operational
costs and improved fleet utilisation. The present research
complemented this approach by prioritising systematic
technical condition assessment as the primary input for
decision-making, enabling more accurate risk-sensitive
maintenance planning under uncertain operating con-
ditions. The importance of broader organisational and
managerial integration is emphasised by J. Bokrantz et
al. (2020), who outlined a research agenda for smart main-
tenance in industrial systems. They argued that effective
maintenance requires not only advanced technologies but
also structured knowledge management and human-sys-
tem interaction. The proposed model corresponds to this
perspective by combining technical, operational, reliabil-
ity, and economic parameters into a unified assessment
framework that supports managerial decision-making in
transport enterprises. A relevant complementary contri-
bution is provided by A. Lorenc & M. KuZnar (2024), who
showed that optimising maintenance intervals can signif-
icantly reduce material waste and improve resource effi-
ciency in transport systems. Their findings additionally
highlighted the sustainability dimension of maintenance
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optimisation, demonstrating that improved maintenance
scheduling can reduce material waste and enhance re-
source efficiency in transport systems. Overall, the com-
parison with recent studies confirmed that integrating
adaptive assessment mechanisms, predictive analytics,
and multi-dimensional evaluation significantly improves
maintenance effectiveness.

”Conclusions™

The systematic assessment of the technical condition of
vehicles represented a highly effective and strategic in-
strument for optimising production processes in motor
transport enterprises. Unlike traditional approaches that
focus on fragmentary inspections of individual compo-
nents, this methodology enables a holistic, data-driven
analysis of the entire fleet, integrating diagnostic param-
eters, operational indicators, failure histories, and eco-
nomic metrics into a unified framework. The proposed
integrated model of technical condition assessment
allowed enterprises to accurately predict potential fail-
ures, prioritise maintenance interventions, and make ev-
idence-based decisions that align with both operational
and economic objectives. Implementation of a systemat-
ic assessment contributes significantly to enhancing fleet
readiness, minimising unplanned downtime, optimising
repair and maintenance expenditures, and improving the
overall efficiency of production processes. The approach
provided a structured mechanism for classifying vehicles
according to their readiness levels, determining main-
tenance priorities, and implementing predictive main-
tenance strategies, thereby ensuring rational allocation
of resources and maximising the economic efficiency of
enterprise operations. By integrating technical diagnos-
tics with organisational and economic considerations,
motor transport enterprises can transform maintenance
management from a reactive task into a proactive, strate-
gic process. In conclusion, the systematic assessment of
the technical condition of vehicles functions not merely
as a technical monitoring tool, but as a central compo-
nent of an integrated fleet management strategy. Its ap-
plication enhances operational reliability, ensures safety,
optimises resource utilisation, and supports sustainable
economic performance, positioning motor transport en-
terprises to meet the growing demands of modern trans-
portation systems with resilience, efficiency, and strate-
gic foresight. Promising directions for further research
include the development of advanced digital decision
support systems capable of integrating data from telem-
atics, IoT sensors, and analytical software to provide re-
al-time monitoring and assessment of vehicle condition.
Another important area involves the implementation of
machine learning and artificial intelligence algorithms
to support automated failure prediction, adaptive main-
tenance scheduling, and more efficient resource alloca-
tion. Further research should also focus on the compre-
hensive evaluation of the economic impact of systematic
technical assessments at the enterprise level, particu-
larly regarding the reduction of unplanned downtime,
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maintenance costs, and improvements in overall pro- “Funding™
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AHoTauif. MeTo0 IIbOr0 NOCTiKeHHA 0yJI0 po3p0o0JIeHHS METO0JIOTiYHOI OCHOBH /IS CHCTEMHOTIO OI[iHIOBaHHSA
TeXHIYHOTO0 CTaHy TPAHCIOPTHMUX 3aco0iB Ta BU3HAYeHHs HWOro poJii B oNTHMi3allili BUPOOHWYMX NPOIECiB Ha
MiJIPUEMCTBAX aBTOMOOIIBHOTO TPaHCIOPTY. MeTomoJIOrisA JOCHiPKeHHS I'PyHTyBaJacs Ha KidbKiCHOMY Iigxomi,
SAKUUTIOETHYBAB CUCTEMHUY aHaIi3, MOJIe/IIOBAaHHA Ha 0CHOBI CUMYJIALIN, TOPiBHAIBHUIN aHAJI3, baraTokpUTepianbHy
OIIiHKy Ta GiHapHY JIOTiCTHYHY perpeciio [Jis1 BU3HaYeHHA B3a€EMO3B’'sI3KY Mi’K CTAaHOM TPaHCIOPTHOTO 3acoby Ta
“MoBipHicTIO fforo BitMoBH. /11 BIATBOpPEHHS CTOXaCTUYHOI OIepaliffHOl MiHJIMBOCTI, XapaKTepHOI AJIA cepefHix
MiJIPHUEMCTB aBTOMOOITBHOIO TPaHCHOPTY, 6y7I0 po3pob/ieHO CUMYJbOBAaHWM MacHB JaHUX, IO BimoOpaskas
eKkcIutyaranito 50 TpaHCHOPTHHUX 3aco0iB mporaroM 12 MicAmiB 3a gomoMoron cuMyssnii Monre-KapJio.
MacuB [aHUX BKJIIOYAB TEXHIYHI, €KCITyaTaliifHi, HamilfHOCTI Ta eKOoHOMIiuHi mapamerpu. [lyiss 3abe3meyeHHS
NOPiBHAHHOCTI reTepOreHHUX 3MiHHUX 3aCTOCOBYBaJsIacs HOpMaJliallis MeTOL0M «MiHIMyM-MaKCUMYM», IIiCJIsl 4OTO
OyJ10 po3po0bJieHO iIHTerpOBaHMH IHIUKATOP TEXHIYHOTO CTAaHy 3 BUKOPUCTAHHSAM AMHAMIYHUX KoedillieHTiB Baru Ha
OCHOBI €KCIIepTHOI OLIIHKY Ta KOpeJIAIiHOro aHaTi3y. Basimaris mozeJti 3aificHIoBaIacs 3a 10MoMoroio Koedirienra
Nagelkerke R2, cepeguboi abCOIOTHOT HOMUJIKH, KOPEHSI CEPEeTHHOKBAIPATHYHOI TIOMHUJIKU T CTATUCTUYHUX TECTIB
Baspa i1 BU3HAYeHHsI 3HAYYMIOCTi KoedillieHTiB perpecii. Pe3yabraTy mokasasiy, M0 3alpOIIOHOBAaHA MOIEJb
JI03BOJISIE 3MIMICHIOBATH KOMIIJIEKCHY KJIacu(ikaliio TpaHCIOPTHUX 3ac06iB 3a piBHEM TeXHIYHOI rOTOBHOCTI Ta
3HAYHO MiBUINYeE e(DeKTUBHICTH IIJIAHYBAHHA TEXHIYHOT0 00CIYrOBYBaHHA MOPIBHAHO 3 TPAAUIIHHUMHY MigX01aMu
JI0 TIJTAHOBUX PEMOHTIB. AHAJIi3 3aCBiqUYMB, 10 TEXHIYHE MOTIpIIEeHHs Y MOEIHAHHI 3 BUCOKHUM EKCILTyaTaliiiHuM
HaBaHTA)KeHHSM CYTTEBO MiJBUIINYe HMOBIpHiCTh BiIMOB. 3aIpolIoHOBaHa MeTOA0JI0TiYHA OCHOBA 3MEHIIINIA 006CAT
He3aIIaHOBAaHOT'0 MPOCTOI0 TPAHCIOPTHUX 3ac06iB Ha 42 %, CKOPOTUJIA BUTPATH Ha TeXHiYHE OOCIYrOBYBaHHS
Ha 20 % Ta MigBUIIMJIA TOYHICTH MPOTHO3YBaHHA 3 62 % 10 85 %. Perpeciiina Monesab migTBepauaa HasiBHICTh
CHJIBHOTO 00epHEeHOro 3B’A3Ky Mi)K iHTerpOBaHMM iHJWKAaTOPOM TEXHIYHOrO CTaHy Ta HMOBIipHiCTIO BimMoBH
TPaHCIOPTHOrO 3aco0y. IIpakTuyHe 3HAYEHHs NOCJiIKeHHA MoJATae y HaJaHHI NifIpueMcTBaM aBTOMOOiTBHOTO
TPaHCIOPTY iHCTPYMEHTY, 3aCHOBAaHOTO Ha JaHUX, AJIA IJIaHyBaHHS IPOTHO30BaHOT0 OOC/IYTrOBYBaHHS, PO3MIOILTY
pecypciB, IpUUHATTA pillleHb 1I0I0 MOJEPHi3allii aBTOMapKy Ta MiJBUIIIeHHs eKCILTyaTalliitHOI HaliltHOCTi B yMOBax
JAHAMIYHOI TPAHCIIOPTHOI AiAJIBHOCTI

KnioyoBi cnosa: mporHo3He TexHiuHe 00OCIyrOBYBaHH:; YNPABJIiHHA HapKOM TPAHCIOPTHHUX 3aco0iB; BUpOOHMYL
MpoILecy; iHTeeKTyaTbHA JiarHOCTUKA; MOJIeJIb; e(peKTUBHICTh
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