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Abstract. Road safety has become an increasingly
important issue within urban transportation systems,
particularly in developing nations such as Azerbaijan,
where traffic accidents continue to be a primary source
of injuries and property damage. This purpose of the
study was to assess the risks linked to Baku’s public
transportation network by employing Fault Tree Analysis
(FTA) within the Haddon Matrix framework, which
organises contributing factors into three categories:
vehicle, human, and road environment. The FTA
approach facilitated a systematic, deductive examination
of potential failure causes that could lead to accidents
involving public transport. Significant findings revealed that vehicle-related problems, including malfunctioning
braking systems, steering issues, and inadequate maintenance, greatly increase the likelihood of incidents. Human-
related risks such as driver behaviour (for instance, speeding and failure to yield), non-compliance with traffic
regulations, and unpredictable pedestrian actions also significantly contribute to the problem. Additionally, road-
related issues like poor infrastructure, lack of adequate signage, insufficient lighting, and unsafe bus stop designs
further heighten the risk. The interplay of these factors indicates that public transport accidents in Baku are multi-
faceted and frequently preventable. This study underscored the necessity of systematic safety evaluations, routine
vehicle inspections, and improved public awareness initiatives to reduce risks associated with urban transport. The
practical implications of this research provide urban transport planners and policymakers with insights into priority
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risk areas, thereby facilitating more effective strategies to enhance safety within Baku’s transit system
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Introduction
A study of safety issues in public transport systems has
become increasingly important due to the risks posed
by rapidly growing urban mobility and rising accident
rates. The analysis of road accidents, particularly in bus
transport, requires a systematic investigation into techni-
cal failures, driver and pedestrian behaviour, and the in-
fluence of road infrastructure. Identification of accident
causes and modelling their interactions are essential for
effective risk management and the improvement of trans-
port safety. In support of this concern, accident statistics
from Baku city for the years 2019 to 2024 reveal that the
most frequent causes of public transport-related inci-
dents stem from both technical deficiencies and unsafe
human behaviours. Statistical data indicate that the main
causes of bus accidents in Baku were primarily associat-
ed with driver-related behavioural errors. The most com-
mon cause was improper manoeuvring, which accounted
for 34.0% of all recorded incidents. This was followed by

speeding, responsible for 22.4% of accidents. The failure
to maintain a safe following distance ranked next, con-
tributing to 5.4% of the cases. In addition, failure to stop
at pedestrian crossings (5.4%) and passenger-related
violations (4.8%) were also identified as significant con-
tributing factors. Other traffic rule violations accounted
for 3.4%, while violations at intersections represent 2.7%.
Disregard for road signs and markings accounted for only
0.7% of incidents. Similarly, both driving under the influ-
ence and entering the oncoming lane or improper over-
taking each represented 0.7% of the recorded accidents.
Overall, this distribution illustrates that human factors —
particularly driver behaviour - are the leading contrib-
utors to accident risk in urban bus operations. While
technical malfunctions may occasionally play a role, the
findings emphasise the importance of systematically in-
corporating human behaviour into risk assessments. This
underscores the need for comprehensive and integrated
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risk modelling in public transportation systems. (The
State Statistical Commiittee..., 2024).

The risk modelling reveals the necessity of integrating
both human and technical factors into analytical models.
Consequently, the application of structured methods like
Fault Tree Analysis (FTA) becomes critical for systemati-
cally identifying and quantifying contributing factors. To
support the development of such models, a critical re-
view of the academic literature was presented, focusing
on studies that have applied FTA and similar methodol-
ogies to transportation safety analysis. Numerous studies
have investigated the application of FTA in transport and
safety-related systems. However, a closer look reveals a
consistent gap in applying these methods specifically to
urban public bus systems.

J.Xi et al. (2021) applied FTA to model cause-effect re-
lationships within transportation systems, demonstrating
its strength in structuring complex risk scenarios. Never-
theless, their analysis lacks attention to the operational
context of specific modes like urban buses, including route
characteristics and service dynamics, highlighting a need
for context-sensitive applications. While the FTA (2021)
report primarily categorises risk factors in a descriptive
manner, X. Qi et al. (2025) employed an entropy-weight-
ed DEMATEL approach to offer a structured quantitative
analysis of operational risk in public transportation. They
analysed 18 risk variables including safety awareness, hu-
man initiative, funding adequacy, and inspection frequen-
cy not only ranking them by importance, but also mod-
elling their interdependencies. This provided a stronger
empirical foundation for developing prioritised, da-
ta-driven risk mitigation strategies, elevating the analysis
from mere categorisation to actionable decision-making

A more technical approach was taken by W. Huang et
al. (2021), who merged Bayesian networks with FTA to
analyse failure modes in transit systems. The integration
strengthened probabilistic inference capabilities. That
said, their scope was confined to hardware and system
components, lacking attention to operational practices
and human error - factors essential to understanding
urban bus vulnerabilities. Taking a broader systems ap-
proach, K. Pan et al. (2022) combined FTA with system dy-
namics to study resilience in passenger transport systems
through the lens of sustainable mobility. The inclusion
of social and ecological perspectives was commendable.
Nonetheless, the generality of their model limited its rel-
evance to city bus networks, where specific behaviours,
mechanical reliability, and infrastructure constraints
were paramount.

Adding a layer of decision-making under uncertainty,
M. Ghadhab et al. (2019) integrated fuzzy logic and arti-
ficial intelligence into FTA structures. This methodologi-
cal innovation enhanced adaptability, yet the absence of
application to public transport environments — especial-
ly interactions between drivers, pedestrians, and urban
complexity — diminished its immediate practical value.
T.H.A. Nguyen et al. (2022) employed Fault Tree Anal-
ysis on the Hanoi Urban Mass Rapid Transit system to
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quantitatively model train collision risk. Their framework
constructed a top-level event for collision, incorporated
operational data (2018-2021), and validated the model
empirically thus establishing a direct link between model
outputs and system-specific safety performance.

These studies collectively affirmed the robustness of
FTA as a risk analysis tool but revealed underexplored ar-
eas in its adaptation to urban public transportation, es-
pecially bus operations. Critical variables such as driver
behaviour, passenger interaction, technical malfunctions,
and infrastructure-related risks were often omitted or in-
sufficiently analysed. Moreover, few studies employed re-
al-world operational data or quantitative modelling soft-
ware for system-specific evaluations. In response to these
gaps, the present study applied the FTA method directly
to Baku’s public bus network, using incident-based data
and software-supported modelling (top event FTA). The
purpose of this study was to assess the risks associated
with the operation of public transport in Baku by applying
the Fault Tree Analysis method within the Haddon Matrix
framework, with a focus on identifying and quantitatively
classifying the key technical, behavioural, and infrastruc-
tural factors that contribute to accidents to develop evi-
dence-based recommendations for improving the safety
of urban bus transportation. This approach enabled a hi-
erarchical breakdown of accident scenarios and a quan-
titative risk classification across key domains technical,
behavioural, and environmental. By analysing prevalent
accident causes like speeding, violation of traffic rules,
technical faults (e.g., brake/steering issues), and pedestri-
an misbehaviour, the study contributed to data-informed
safety intervention planning and prioritised risk manage-
ment in urban bus transport.

Materials and Methods
Fault Tree Analysis is a structured and deductive technique
used to identify cause-effect relationships in hazardous sce-
narios, especially within complex systems. This top-down
method begins with a primary failure — known as the top
event — and systematically traces the potential underlying
causes contributing to this failure. FTA is particularly valua-
ble for detecting system vulnerabilities, critical risk sources,
and interdependencies within operational processes. In this
study, the FTA Top Event approach was employed to assess
potential accidents in urban public transportation systems
in Baku, Azerbaijan. The analysis adhered to the principles
outlinedin the international standard IEC 61025:2006 (2006),
ensuring methodological rigour and comparability with in-
ternational studies. Reliability analysis is a foundational as-
pect of risk modelling in technical systems, particularly in
transportation. These models allowed for the quantitative
assessment of system performance under various failure and
recovery conditions (Zio, 2007). To visualise the logical struc-
ture of the fault tree, officially recognised symbols (Table 1)
were used in accordance with IEC standards, enabling clear
interpretation and consistent documentation. The analysis
focused on the top event defined as a “public transport ac-
cident”, and identified key sub-events related to driver error.
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Table 1. Symbols used in Fault Tree Analysis

Main event

Event or error that provides the basis for analysis

Undeveloped event

Event that is not further analysed or has a small impact

Top or mediator event

Final event arising from more fundamental events

Situation event

O
<&
[ ]
)

Situation where a special condition exists for the occurrence of an event

D AND gate Event that results in all inputs to the event occurring simultaneously
D OR gate Event that results in the occurrence of at least one input event
A Transfer symbol Symbol referring to another part of the fault tree

Source: ES. Dashdamirov & A.C. Sharifov (2020)

City-specific data from Baku’s public bus network were
integrated into the fault tree model. These included traffic
density, road infrastructure characteristics, frequency of
recorded driver violations, and historical accident reports
from the Baku Transport Agency and State Traffic Police
Department. The sub-causes associated with driver errors
were identified based on observed patterns in Baku’s ur-
ban traffic and their relevance to accident occurrence:

[> improper manoeuvring refers to incorrect or haz-
ardous vehicle handling during lane changes, turns, or
merging, which can lead to collisions in dense urban traffic;

> failure to maintain a safe following distance in-
creases the risk of rear-end collisions, especially in stop-
and-go traffic conditions common in urban environments
like Baku;

I> exceeding speed limits reduces a driver’s reaction
time and control over the vehicle, significantly elevating
the likelihood of accidents in areas with high pedestrian
activity;

> not stopping at pedestrian crossings endangers
vulnerable road users and is a major contributing factor in
public transport-related pedestrian accidents;

> violation of traffic signs and markings indicates
non-compliance with road regulations, which can result
in confusion, right-of-way conflicts, and intersection-re-
lated accident;

> driving under the influence of alcohol impairs cog-
nitive and motor functions, making drivers more prone to
errors in judgment, delayed reactions, and loss of vehicle
control.

This fault tree framework allowed the systematic iden-
tification of high-risk scenarios in Baku’s public transport
system, supporting the development of targeted risk mit-
igation strategies. The “Main Events of DDV” programme
was used for the analysis, the main event of which is the
risk of accidents in public transport. Factors that may be
responsible for this risk were identified and a systematic
fault tree was created (Fig. 1). The analysis showed that
three main groups of factors play a major role in the risk:
driver error, pedestrian violations, and technical defects
in vehicles. Among the risks associated with pedestrian
behaviour, there were incidents of theft, of getting in and
out of a bus without waiting for it to stop, of crossing a
road without following traffic rules. These behaviours,
particularly during rush hours, have a negative impact on
the decision-making of drivers and on traffic flow. These
include failure to activate the brake system in time, steer-
ing system failures, lighting and signalling systems, sud-
den engine shutdowns, fuel system failures and gearbox
failures. These technical failures increase the risk of acci-
dents and prevent uninterrupted and safe operation of the
transport system.

Road traffic accident
I

Driver error (A)

RRRAA

Pedestrian disorder

(B)

1
Vehicle technical
malfunction (C)

El £1 E1 B B3 3

Figure 1. Fault Tree Analysis of accidents on buses in Baku

Source: created by the author
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In the FTA analysis, probabilities were calculated for
each of these sub-factors, using logical gates (AND, OR).
Of these three groups of factors, technical malfunctions
and driver errors pose the greatest risk, and targeted inter-
ventions are needed to mitigate their impact. The use of
the FTA in this study allowed a structured identification of
causality relationships, prioritisation of high risk compo-
nents, and the development of scientifically based public
transport safety strategies. Once the risks were identified,
they were incorporated into the fault tree structure to ex-
amine how individual and combined events contribute to
the top event. Following this step, appropriate reliability
models were selected within the FTA software to simulate
the behaviour and impact of each event. These models in-
cluded various statistical and probabilistic tools such as
constant failure rate, repairable/unrepairable models, and
Weibull distributions, which were essential for quantifying
failure probabilities and unavailability over time (Fig. 2):

'Repairable
Constant
Unrepairable
MTBF

MTTF
Weibull
Dormant

Figure 2. Different reliability models in FTA programme
Source: created by the author based on risk modelling in the FTA
software environment

Each was used to describe the failure and recovery
characteristics of a different system. The following is an
explanation of what they are and when they are used:

1. Repairable model. The system can be restored after
failure. The equation for a recoverable system is as follows
(Elsayed, 2012):

q(t) = geHHr+ (1 — )0t

gl

T (1)

The reliability models used in FTA required the spec-
ification of several key parameters to quantify failure be-
haviour: A (failure rate): the rate at which a component
or event was expected to fail over time. It was typically
measured in failures per unit time (e.g., failures/hour)
and was used primarily in models assuming a constant
or exponential distribution of failures. p (repair rate): the
rate at which a failed component was restored to opera-
tional condition. This parameter was crucial in repairable
models and reflects system maintainability. Like A, it was
expressed in events per unit time. g (initial unavailabili-
ty or probability of failure in the initial state): the prob-
ability that a component was already in a failed state at
the beginning of the observation or mission time. It was
especially relevant in dormant or standby models, where
components were not active but still susceptible to hidden
failures. - time elapsed since the start of observation, e—
base of the natural logarithm.
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w(t) =21 -q(®)], 2
where w(t) — failure frequency at time t, indicating how of-
ten failures were expected to occur in the system per unit
time; A — failure rate of the system (i.e., the rate at which
failures occur in a functioning state); g () — unavailability
function, representing the probability that the system was
in a failed state at time t.

2. Constant model. Failure or reliability varied with
the severity of the event. For example, some components
had a fixed probability of failure over time. Usually mod-
elled by exponential distribution (Elsayed, 2012):

q(®) = q. 6)

3. Unrepairable model. After a system failure, it was
not restored, it was simply replaced. For example, dispos-
able devices, batteries. Equations (2) and (4) were used.

q(®) = (1 - qle™. )

4. MTBF (Mean Time Between Failures). It showed
the average time between failures for systems under re-
pair. Used to measure the time the system was running.
Usually modelled by an exponential distribution (Mod-
dares et al., 2016):

2 _
q(t) = T 1— e (+mt

%)

vou (6)

= MTBF " MTTR’

where ¢q(t) — the probability that the system is in a faulty
state at a given time; w(#) — fault intensity (the probabil-
ity of a fault occurring at a given time); A — failure rate
(MTBEF); u-recovery speed (related to MTTR-mean time
to repair).

5. MTTF (Mean Time to Failure). Indicated the availa-
bility of systems that were not repaired. 1 —the average time
for a component or system to fail (Moddares et al., 2016):

q(t) =1—e AWt @)

1
~ MTBF’

8)

6. Weibull. It was used to model different types of
failures. The failure rate varied over time (may increase,
decrease, or remain constant). For example, in the anal-
ysis of fatigue of mechanical components (O’Connor &
Kleyner, 2012):

a(0) = 1-exp [-(D)F ©
where n - measurement parameter (average value over the
life of the system);  — shape parameter (determines the
failure rate of the system); y — start delay time (time after
the system was put into operation before the fault starts).
The Weibull distribution considered that the failure pro-
cess changed over time: > 1 early failure (due to design
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errors or weak parts); B =1 constant failure rate (corre-
sponds to an exponential distribution); f <1 ageing period
(failures increase due to wear).

7. Dormant (Passive systems). A system that has not
been used for a certain period of time and can only fail
when it is active. For example, backup generation systems,
fire suppression systems (O’Connor & Kleyner, 2012):

At—(1-e*")+AMTTR(1-e)~**
AT+AMTTR(1—e)~ 27 ’

q(®) = (10)
where T — specified analysis period. This model described
the combination of failure and recovery processes and
shows the dynamics of equipment operation and repair.
Repairable and MTBF models were used for systems
that can be restored after a failure, allowing for the cal-
culation of both failure and recovery parameters. Un-
repairable and MTTF models, on the other hand, were
applied to components that are not restored once failed,
focusing solely on the expected time to failure. The Con-
stant model assumed a uniform failure rate over time,
suitable for components with random, memoryless
failures. The Weibull model was ideal for systems sub-
ject to mechanical fatigue, where the failure rate varied
over time depending on operational stress or ageing.
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This methodological framework allowed for flexibili-
ty in modelling a wide range of system behaviours and
supported more accurate risk estimation in Fault Tree
Analysis. Selection of the appropriate model depended
on the component characteristics and the nature of the
risk being assessed.

"Results and Discussion™

Risks associated with driver behaviour

Distraction (Repairable model). This section presents the
results of risk modelling related to driver distraction, in-
terpreted through the repairable model framework. The
analysis focuses on the probability of a driver becoming
distracted due to factors such as fatigue, stress, or sleep-
lessness conditions that are typically reversible over time.
Since distraction is a temporary and recoverable con-
dition, the repairable model is particularly suitable, as
it allows for modelling both the onset of distraction and
the probability of attention recovery. Based on assumed
working conditions and realistic parameters for an 8-hour
urban transit shift, the model supports the assessment of
risk dynamics over time and informs effective safety man-
agement strategies. The parameters used in this model are
detailed in Table 2.

Table 2. Driver distraction risk modelling parameters (Repairable model)

Failure rate A 0.1 Probability of distraction per hour
Recovery speed u 0.05 Probability of attention being restored per hour
Value - Hour Calculations are made in units of hours

Source: compiled by the author based on assumed data for the case analysis

The table presents the key parameters for model-
ling driver distraction using the Repairable model. The
failure rate (A=0.1) suggests that for every hour of work,
there is a 10% probability that the driver may become
distracted due to fatigue, stress, or other human fac-
tors. This value is particularly critical in long driving
shifts common in urban bus operations. The repair rate
(n=0.05) implies that there is a 5% chance per hour that
the driver’s attention can be restored through rest, re-
covery at stops, or other interventions. The values are
based on assumed data but align with general fatigue
patterns reported in driver performance studies. Using
these parameters, further calculations were conducted
to simulate how distraction risk evolves during a typical
8-hour workday.

Here, A is the failure rate — the probability of the driver
being distracted. The risk event (q(?)) is the probability of
adistraction occurring within a certain time. p is the speed
at which the driver regains attention by resting. Since the
work schedule is 8 hours, the probability of the driver’s
attention being distracted is assumed to be 10% for each
hour. In this case, A=0.1. Assuming that the driver’s fatigue
isrelieved by resting and regaining attention is 5% for each
hour, then 1 =0.05. In this case, the unavailability graph
will be as follows (Fig. 3):

0.8
0.7
= 0.6
205
204
503
0.2
0.1

0 10 20 30 40
Hour

Figure 3. Driver distraction graph based
on the Repairable model
Source: created by the author based on risk modelling in the FTA
software environment

The distraction risk curve shown in Figure 3 illustrates
the probability q(?) of a driver being in a distracted state
over time, based on the repairable system formulation.
Initially, the curve rises steeply, indicating that the risk of
distraction increases quickly during the early hours of the
shift. For example, by the second hour, the probability of
being in a distracted state reaches approximately 16-18%,
and by the sixth hour, it exceeds 40%. This trend aligns
with known fatigue accumulation patterns, especially
when rest breaks are inadequate.

Transport Systems and Technologies. 2026. Vol. 29, No. 1
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As the shift progresses, the curve gradually flattens,
indicating a balance between distraction occurrence and
recovery. However, because the recovery rate (u=0.05) is
lower than the failure rate (A =0.1), the system tends to-
ward higher unavailability - i.e., sustained distraction —
unless effective countermeasures (e.g., scheduled breaks
or shift rotation) are introduced. This finding highlights
the asymmetric nature of fatigue accumulation versus
recovery, and it underscores the importance of risk con-
trol strategies such as fatigue monitoring systems, mi-
cro-breaks, and duty cycle regulation in public transport
operations. The simulation confirms that driver distrac-
tion is a dynamically evolving risk, which becomes more
pronounced over time if not actively managed. The results
emphasise the need for real-time monitoring and proac-
tive interventions to prevent human error-related inci-
dents in urban transport systems.

Fatigue (Repairable model). Fatigue is considered
a recoverable human factor risk and is therefore mod-
elled using the repairable model, similar to distraction. It
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represents a temporary decline in alertness and perfor-
mance due to prolonged working hours or insufficient rest.
Since fatigue can be mitigated through sleep, rest breaks, or
shift rotation, it fits the logic of a system that can transition
from failure to recovery. Continuous fatigue without recovery
increases the likelihood of errors in perception, delayed re-
action times, and overall driving performance degradation.

Non-conservation of spacing (Weibull model). This
risk factor arises when drivers fail to maintain adequate
spacing between vehicles, especially under hazardous driv-
ing conditions. The likelihood of such behaviour leading to
an accident increases significantly when road conditions
are poor and tire tread is worn down, both of which affect
braking performance and control. Because tread wear is
a gradual, time-dependent process, and road conditions
dynamically influence accident probability, the Weibull
model, which accounts for failure rates that change over
time, is considered appropriate for modelling this risk.
The parameters used for different road types and corre-
sponding tread wear distances are presented in Table 3.

Table 3. Road conditions and tread wear parameters for Weibull-based spacing risk model

Asphalt 40,000 2.5
Asphalt (rainy) 30,000 2.0
Gravel road 20,000 1.8
Mud road 15,000 1.5

Source: compiled by the author based on assumed data for the case analysis

Since the roads used in the study are asphalted, the
shape parameter § =2.5 is initially assumed, reflecting a
wear-out failure pattern where the risk increases over
time. The MTTF of the tires is estimated to be 24 months,
and using the Gamma function value I'(1 +1/2.5) = 0.89.
['(1+1/2.5)~0.89, the corresponding scale parameter (1)
can be calculated accordingly. As tread wear is a gradual
and cumulative process, the condition of > 1 is justified,
indicating that failure likelihood grows as the tire ages.
Given that asphalt roads dominate in Baku and field ob-
servations confirm that tire tread degradation accelerates

with use, a more representative shape parameter f§ =3 is
adopted for final modelling. Analysis of the table data
reveals that the failure probability remains relatively low
during the first year but begins to increase significantly
after approximately 18-20 months of service. This trend
highlights the importance of implementing proactive tire
replacement schedules to minimise the risk of blowouts or
loss of traction in the later stages of a tire’s operational life.
The parameters used in modelling tire tread wear risk on
asphalt roads using the Weibull distribution are presented
in Table 4.

Table 4. Weibull model parameters for tire tread wear risk assessment on asphalt roads

Characteristic life H 26.1 month Average time for tire tread to wear out completely
Shape parameter 2.5 As wear is accelerating, >1 is taken
Location r 0 Failure can occur from the start
MTTF 24 month Average service life (time to failure)
ra+1/p) ~0.92 Gamma function

Source: compiled by the author based on assumed data for the case analysis

Since the roads used by the buses in the study in Baku
are asphalted, f =2.5. n is calculated as follows (Mod-
dares et al., 2016):

MTTF 24
=== %261
r/i+g 092

The gamma function is taken from the Table 4 (O’Con-
nor & Kleyner. 2012):

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

I(1+1/2.5)~0.89
T(1+1/2)~0.89
I(1+1/1.8)~0.87
I(1+1/1.5)~0.83.

Notably, the shape parameter (f =2.5) confirms that
tire wear accelerates over time, and the characteristic
life (n =26.1 months) indicates the point at which failure
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becomes most likely. The model shows that while the
mean time to failure (MTTF) is 24 months, the system be-
gins entering a high-risk phase slightly before that thresh-
old. The variation of the risk of not maintaining the dis-
tance, modelled using the Weibull distribution, illustrates
how this probability evolves over time. As shown in Fig-
ure 4, the probability of failure interpreted as the risk of
not maintaining a safe following distance increases grad-
ually during the initial operational phase, then accelerates
as time progresses. This pattern indicates a wear-out be-
haviour, typical for systems where > 1, confirming that
the risk becomes increasingly significant with continued
exposure, ageing vehicle components, or driver fatigue ac-
cumulated over long driving periods.

Unavialability
S o oo =
O N B O =N

0 0.5 1 1.5 2 2.5
Year
Figure 4. Variation of the risk of not maintaining
the distance based on the Weibull model
Source: created by the author based on risk modeling in the FTA
software environment

Figure 4 illustrates how the probability of failure due
to not maintaining a safe following distance increases over
time, as modelled by the Weibull distribution. The curve
begins with a gradual slope, indicating lower risk in the
early stages, but steepens as time progresses, reflecting
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the cumulative effect of road wear and driver fatigue. This
trend confirms that spacing-related risks exhibit a wear-
out pattern, making preventive interventions more critical
in the later phases of vehicle or driver service time.

Driver inexperience (Weibull model). It is observed
that risks are significantly higher during the initial
months of a new driver’s career due to factors such as
lack of practical experience, unfamiliarity with routes,
and limited exposure to real-world traffic conditions.
During this early phase, incidents involving traffic viola-
tions, slower reaction times, and poor decision-making
are more likely to occur, thereby elevating the overall risk
level. However, as drivers accumulate experience, they
typically demonstrate improved judgment, quicker re-
sponse, and greater situational awareness, which grad-
ually reduces the probability of errors and accidents.
The Weibull distribution was applied to model this phe-
nomenon, as it captures time-dependent variations in
failure probability. The parameters used to assess driver
inexperience risk are presented in Table 5. Although this
type of risk is often associated with a f <1 to represent
decreasing failure rates, in this case, f=2.5 is used to re-
flect a sharp decline in risk after the first few months of
experience (Fig. 5). Figure 5 illustrates the variation in
risk associated with driver inexperience over time based
on the Weibull model. The curve demonstrates a rapid
decline in risk during the first few months, reflecting how
the likelihood of errors and unsafe behaviour decreases
as drivers gain experience. By around the sixth month,
the curve begins to level off, indicating that drivers have
acquired essential skills and that further risk reduction
becomes marginal.

Table 5. Weibull model parameters for driver inexperience risk assessment

Characteristic life n 6 months Time it takes for a driver to learn the basic rules and gain experience
Shape parameter B 2.5 Shows that errors decrease as experience increases (>1)
Location y 0 Risk starts from the first day of work
Value - Month Analysis is performed with a monthly unit of measurement

Source: compiled by the author based on assumed data for the case analysis

Unavialability
eeooo =
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0.5 1.5 2

1
Month

Figure 5. Risk effect of driver inexperience —
variation according to the Weibull model
Source: created by the author based on risk modelling in the FTA
software environment

Graphics delay (Dormant model). Schedule delays
occur when drivers fail to depart or arrive on time accord-
ing to the planned timetable. In an effort to compensate
for lost time, drivers may increase their speed or bypass

standard safety procedures, which elevates the risk of acci-
dents. Since this risk typically remains inactive (dormant)
during normal operations and only becomes active when
a delay occurs, the Dormant model is considered ap-
propriate for its analysis. This model helps to assess the
transition from a low-risk to a high-risk state, triggered by
schedule disruptions and unsafe compensatory behav-
iour. The parameters used for modelling this risk are pre-
sented in Table 6. The risk becomes active only under cer-
tain conditions (such as when a delay occurs) and remains
active for a limited time. In such cases, the “dormant”
model is ideal for representing the passive nature of the
risk before activation and its rapid transition afterward.
This model is particularly useful for capturing conditional
failures that depend on triggers like inspection intervals,
external disruptions, or timing mismatches. It allows for
better modelling of latent risks that are not continuously
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present but can lead to significant disruptions if acti-
vated. This factor represents risks that are conditional,
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time-bound, and event-triggered requiring specialised
modelling to reflect their dynamic behaviour (Fig. 6):

Table 6. Dormant model parameters for graphics delay risk assessment

Failure rate A 0.05 Daily delay probability (5%)
MTTR - 10 min Driver speed recovery time
Inspection interval T 1 day Daily schedule control
Value - Hour Calculations are made hourly

Source: compiled by the author based on assumed data for the case analysis
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Figure 6. Change in risk due to schedule delay
under the Dormant model
Source: created by the author based on risk modelling in the FTA
software environment

Figure 6 shows how the risk level changes under the
Dormant model when a schedule delay activates a pre-
viously passive hazard. Initially, the risk remains low or
inactive, reflecting normal operating conditions where

the driver adheres to the schedule. However, once a de-
lay occurs, the risk increases sharply, demonstrating how
the driver’s compensatory behaviour such as speeding
or skipping safety checks transforms the situation into a
high-risk scenario.

Incitement by other vehicles (Constant model).In some
accidents, buses are placed in a dangerous position due to
the pressure or unpredictable actions of surrounding vehi-
cles, such as sudden lane changes, tailgating, or aggressive
overtaking. These incidents typically occur without prior in-
dication and can happen at any moment during operation,
making the Constant model appropriate due to its assump-
tion of a uniform failure probability over time. This model
enables the quantification of a persistent, background risk
that is posed by external traffic behaviours beyond the bus
driver’s control. The parameters used to model this type of
risk are provided in Table 7 and form the basis for calcu-
lating both the frequency and duration of risk exposure.

Table 7. Constant model parameters for risk of provocation by other vehicles

Failure frequency w 0.005 Provocations per hour
MTTR - 1 hour Time to eliminate the threat caused by the provocation
Value - Hour Calculations are made hourly

Source: compiled by the author based on assumed data for the case analysis

The parameters required for modelling the risk of a
bus being forced into danger by another vehicle include
unavailability (¢) and failure frequency (w). Unavailability
refers to the probability that the bus is in an unsafe state
due to external provocation, while failure frequency indi-
cates how often such events are expected to occur. Failure
frequency is calculated by considering how often prov-
ocation events occur and how long their effects persist,
providing a measure of the system’s exposure to repeated
external threats. Failure frequency is calculated using the
following equation:

q _0.005 _

w= =—— = 0.005 event/hour.
MTTR 1

MTTR: 1 hour (average time to eliminate the threat
posed by a provocation event).
Daily failure frequency:

0.005x24 =0.12 event/day.

Ax MTTR 0.005x 1

a= 1+(A x MTTR) = 1+(0.005x 1) = 0.00498 ~ 0.005.

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

In that case, the graph illustrates how the probability of
being hit by another vehicle remains constant over time, as-
suming a fixed failure rate. This reflects the continuous and
random nature of external provocation, where the risk does
not increase or decrease with the vehicle’s operational du-
ration but instead persists uniformly throughout the entire
period. Such a modelling approach is especially relevant for
urban traffic environments where unpredictable driver be-
haviour - such as sudden overtaking or lane changes creates
a steady-state background risk that must be considered in
safety planning. This scenario is effectively visualised in Fig-
ure 7. The Weibull model effectively captures the non-con-
stant nature of risk associated with drunk driving, allowing
for a time-dependent failure rate that mirrors real-world con-
ditions. This model is particularly valuable for assessing how
the likelihood of incidents escalates during high-risk periods,
such as evenings, weekends, or holidays, when alcohol-relat-
ed behaviours are more prevalent. It also supports the devel-
opment of targeted safety interventions based on temporal
trends, including time-of-day or day-of-week patterns. The
parameters used to model this risk are summarised in Table 8.
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Figure 7. Probability of being hit by another vehicle — variation on the Constant model
Source: created by the author based on risk modelling in the FTA software environment

Table 8. Weibull model parameters for drunk driving risk assessment

Characteristic life H 1 month Average time for drunk driving incidents to reach dangerous levels
Shape parametric B 1.8 Indicates that risk increases over time (evenings and weekends)
Location r 0 Risk starting point — incident can occur at any time
Value - Month Monthly unit of measure

Source: compiled by the author based on assumed data for the case analysis

This expression represents the unavailability func-
tion for a repairable system, where A denotes the fail-
ure rate and p represents the repair (recovery) rate. The
function calculates the probability that the system is in
a failed state at any given time ¢, incorporating both fail-
ure occurrence and recovery over time. The accompa-
nying table provides specific parameter values used to
estimate time-dependent risk in systems that undergo

—
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random failures followed by maintenance-based recov-
ery. This model is particularly valuable for evaluating
technical components in public transportation, where
maintenance actions can restore functionality after a
breakdown. A similar time-based risk variation is illus-
trated in Figure 8, which shows how the probability of
drunk driving incidents changes over time using the
Weibull model.

1.5 2 2.5

Month

Figure 8. Risk of drunk driving — variation according to the Weibull model
Source: created by the author based on risk modelling in the FTA software environment

Pedestrian disorderly behaviour (Weibull model).
This risk factor is another important cause of accidents
involving public transport. The erratic behaviour of pas-
sengers and pedestrians especially boarding or alighting
before the bus fully stops, or crossing the road inatten-
tively frequently leads to accidents. These behaviours
are not constant but vary over time and are influenced

by behavioural patterns and situational habits. As such,
they are best evaluated using the Weibull model, which
accommodates time-dependent increases in risk. The
parameters used for this modelling are summarised in
Table 9, which outlines the characteristic life, shape, and
location factors for estimating the risk of pedestrian dis-
orderly behaviour.

Table 9. Weibull model parameters for risk of pedestrian disorderly behaviour

Characteristic life n 1 month Average time for this type of behaviour to reach a dangerous level
Shape parametric B 1.8 Indicates that the risk increases over time
Location Y 0 Risk starting point — the event can occur at any time
Value - Month Calculations are made monthly

Source: compiled by the author based on assumed data for the case analysis

Table 9 presents the parameters used in the Weibull
model to evaluate the risk associated with disorderly pe-
destrian behavior, such as boarding or alighting from a bus

before it stops and crossing without observing traffic. The
characteristiclife (=1 month) indicates the average time for
such risky behavior to reach a critical threshold. The shape

Transport Systems and Technologies. 2026. Vol. 29, No. 1
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parameter (=1.8) shows that the risk increases over time,
reflecting the cumulative effect of habitual unsafe actions.
Thelocation parameter (y=0) assumes that the risk can arise
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atany moment, without aninitial delay. The evolution of this
risk over time is illustrated in Figure 9, which shows how the
probability of accidents grows as unsafe behaviors persist.

2 2.5 3

Figure 9. Risk of hop-on/hop-off behaviour without stopping the bus - variation according to the Weibull model
Source: created by the author based on risk modelling in the FTA software environment

The parameters in Table 10 reflect the modelling of be-
havioural risks that escalate quickly over time, such as ag-
gressive or reckless driving. A shape parameter of $=2.5 in-
dicates that the risk does not remain constant but grows at
an accelerating rate as the behaviour continues unchecked.
The characteristic life =2 months suggests that, on average,

such risky behaviour may reach a critical threshold within
arelatively short period if no corrective action is taken. This
modelling approach helps quantify how quickly certain
behaviours can transition from moderate to high-risk, un-
derscoring the need for early interventions such as moni-
toring, driver retraining, or enforcement strategies (Fig. 10).

Table 10. Weibull model parameters for rapidly increasing behavioural risks

Characteristic life n 2 months Average time for risky behaviour to reach a dangerous level
Shape parameter B 2.5 Higher B is assumed because risk increases more rapidly
Location y 0 Risk starting point — event can occur at any time
Value - Month Used for monthly analysis

Source: compiled by the author based on assumed data for the case analysis
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Figure 10. Pedestrian crossing the road
without considering vehicles —
variation according to the Weibull model
Source: compiled by the author based on assumed data for the
case analysis

Figure 10 shows the variation of risk over time as-
sociated with pedestrians crossing the road without
considering vehicle traffic. The curve, based on the Wei-
bull distribution with a high shape parameter (§ =2.5),
reflects a rapidly increasing risk, emphasising that re-
peated exposure to such behaviour intensifies the like-
lihood of accidents. This model captures the escalating
nature of behavioural risks that emerge quickly and
intensify without immediate corrective measures. Pe-
destrians crossing the road without considering vehicle
traffic significantly increases the risk of accidents. This
behaviour, especially prevalent during peak hours or in
areas with inadequate pedestrian infrastructure, tends

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

to escalate over time due to habitual negligence or lack
of enforcement. The fact that this risk increases more
rapidly over time makes the Weibull model more appro-
priate for this case.

Risks associated with technical failures

Technical failures are a significant contributor to acci-
dents in public bus transportation, often resulting from
the malfunction of critical components such as brakes,
steering, or electrical systems. These failures tend to fol-
low specific wear-out patterns over time, making them
suitable for time-dependent risk modelling. The Weibull
model is particularly effective in capturing the increas-
ing likelihood of failure as components age or wear. In
the following section, each major technical risk is an-
alysed individually using the Weibull model to better
understand its behaviour and inform preventive main-
tenance strategies.

Steering system failure (Weibull model). Steering
system failure poses a serious safety hazard because it di-
rectly affects the driver’s ability to control the vehicle. Over
time, wear and tear, inadequate maintenance, or mechan-
ical fatigue can increase the likelihood of such failures.
Table 11 presents the Weibull model parameters used to
evaluate the risk of steering system failure, highlighting
the time-dependent nature of this risk through the shape
and characteristic life parameters.
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Table 11. Weibull model parameters for steering system failure risk assessment

Characteristic life n 3 months Average time to failure of the steering system
Shape parameter B 2.2 As the risk of failure increases over time, 3> 1 is taken
Location Y 0 The failure can start at any time
Value - Month Calculations are performed monthly

Source: compiled by the author based on assumed data for the case analysis

Table 11 presents the Weibull model parameters
used to assess the risk of steering system failure in bus-
es. The characteristic life =3 months indicates that, on
average, significant failures in the steering system are
expected to emerge within this time frame under regu-
lar operating conditions. With a shape parameter $=2.2,
the model reflects a wear-out failure pattern, meaning
the likelihood of failure increases as the component
ages, reinforcing the need for periodic inspections and
timely maintenance.
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Figure 11 illustrates how the probability of steering
system failure evolves over time according to the Wei-
bull model. As seen in the graph, the failure probability
increases progressively, reflecting the mechanical fatigue
and degradation common in steering components. This
trend emphasises the need for regular inspection and
timely maintenance to prevent accidents caused by loss of
control. Figure 11 shows the dynamic variation of steering
system failure risk modelled using the Weibull distribution
in the FTA software environment.

Figure 11. Risk of steering system failure — variation according to the Weibull model
Source: created by the author based on risk modelling in the FTA software environment

Figure 11 illustrates the variation in the risk of steer-
ing system failure over time based on the Weibull model.
The graph shows a gradual increase in failure probability
during the initial months, followed by a sharper rise as
the system approaches its characteristic life (3 months).
This pattern highlights the importance of proactive
maintenance, as the risk becomes significantly higher if
the steering system is not serviced within the expected
operational period.

Malfunction of lighting and signal systems (Dormant
model). Malfunctions in lighting and signalling systems can
go unnoticed during normal operation but become critical
whenthesesystemsaresuddenlyneeded, suchasduringnight
driving or adverse weather conditions. These failures may re-
main undetected for a long time, which increases the danger
when they are eventually triggered. Table 12 presents the pa-
rameters of the dormant model used to assess the risk associ-
ated with potential failures in lighting and signalling systems.

Table 12. Dormant model parameters for risk of lighting and signal system failures

Failure rate A 0.0003 hours Probability of system failure
MTTR - 0.002 hours Time required to eliminate the failure
Inspection interval T 720 hours 30-day maintenance period
Value - Month Calculations are made monthly

Source: compiled by the author based on assumed data for the case analysis

Lighting and signal systems play a vital role in ensuring
visibility and communication between road users, espe-
cially in low-visibility conditions. The failure of these sys-
tems may not pose an immediate risk but becomes highly
critical when activated during specific situations such as
night time or foggy weather. The Dormant model captures
this behaviour by modelling the risk as passive until trig-
gered, highlighting the importance of regular inspections.
Figure 12 illustrates how the risk of lighting and signal sys-
tem failure evolves over time according to the Dormant

model, emphasising the sudden activation of risk under
specific conditions. Figure 12 shows the variation in the
risk of lighting and signal system failure using the Dormant
model. The graph indicates that the risk remains inactive
or minimal under normal conditions but rises sharp-
ly once the system is activated or needed such as during
night driving or in poor visibility. This emphasises the crit-
ical importance of regular inspections, as failures in these
systems may remain undetected until the moment they
are urgently required, posing immediate safety hazards.

Transport Systems and Technologies. 2026. Vol. 29, No. 1
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Figure 12. Risk of lighting and signal system failure — variation on the Dormant model
Source: created by the author based on risk modelling in the FTA software environment

Sudden engine stop (Unrepairable model). A sudden
enginestop canlead to the completeloss of control over the
vehicle, especially in high-density traffic areas, making it
oneofthemostdangeroustechnical failuresin publictrans-
port. Since such failures often require total replacement
rather than repair, they are best analysed using the Unre-
pairable model, which assumes that once a failure occurs,

the component remains non-functional. Table 13 presents
the parameters used in the Unrepairable model for assess-
ing the risk of sudden engine failure, including the failure
rate and the unit of time for calculations. Figure 13 illus-
trates the variation in risk associated with sudden engine
stoppage as modelled by the Unrepairable model, which
assumes the system remains non-functional after failure.

Table 13. Unrepairable model parameters for sudden engine stop risk assessment

Failure rate N 0.0003 hours

Engine failure probability

Value - Month

Calculations are made monthly

Source: compiled by the author based on assumed data for the case analysis
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Figure 13. Risk of sudden engine stoppage —
variation on the Unrepairable model
Source: created by the author based on risk modelling in the FTA
software environment

The graph demonstrates a steady increase in failure
probability over time, reflecting the cumulative nature of
this critical technical risk. Table 13 presents the param-
eters used to model the risk of a sudden engine stop us-
ing the Unrepairable model. The failure rate A =0.0003/
hour indicates a low but persistent probability of engine

failure that accumulates over time, and the analysis is
conducted on a monthly basis to capture long-term risk
trends. Figure 13 shows how the probability of engine
failure increases steadily, with no possibility of recovery
once the failure occurs characteristic of unrepairable
events. This highlights the critical importance of early di-
agnostics and replacement strategies, as a single engine
failure can lead to severe safety consequences, particu-
larly in urban traffic conditions.

Fuel system problem (Repairable model). Fuel sys-
tem failures, such as pump malfunctions, can temporar-
ily disrupt the engine’s operation but are often addressed
through standard maintenance procedures. The repair-
ability of this type of failure makes it suitable for model-
ling with the repairable model, which accounts for both
failure and recovery rates. Table 14 outlines the parame-
ters used in the Repairable model for evaluating fuel sys-
tem failure risk, including the failure rate, repair rate, and
calculation timeframe.

Table 14. Repairable model parameters for fuel system failure risk assessment

Failure rate A 0.0008 hour Probability of fuel pump failure
Repair rate il 0.003 hour Probability of recovery to eliminate the malfunction
Value - Month Calculations are made monthly

Source: compiled by the author based on assumed data for the case analysis

As Table 14 demonstrated, a failure rate A = 0.0008/
hour and a repair rate u=0.003/hour. These values suggest
that while failures occur at a low frequency, the relative-
ly higher repair rate enables effective restoration of the
system, minimising long-term unavailability. Fuel system

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

failures may not lead to immediate accidents, but they sig-
nificantly compromise vehicle reliability and operational
continuity, especially during peak service hours. Timely re-
pair of such failures can mitigate prolonged downtime and
reduce service disruption risks in public transport (Fig. 14).
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Figure 14. Risk of fuel system failure —
variation on the Repairable model
Source: created by the author based on risk modelling in the FTA
software environment

Figure 14 shows the change in the risk of fuel system
failure over time, modelled using a maintainability model

Salayev 21

based on both the failure rate and the repair rate. As can
be seen, the probability of fuel system failure varies over
time, initially increasing but stabilising due to ongoing re-
pair work. This balance between failure and repair reflects
the nature of fuel system problems, where timely mainte-
nance can effectively control operational risk and prevent
disruptions to business continuity.

Steering system failure (Repairable model). Steer-
ing system failures are among the most critical techni-
cal malfunctions that directly affect vehicle control and
safety. The ability to repair these faults within a reason-
able time frame allows for operational risk mitigation
and continuity of service. Table 15 presents the key pa-
rameters used in modelling the risk of steering system
failure under the repairable model, including failure
and repair rates.

Table 15. Repairable model parameters for steering system failure risk assessment

Failure rate A 0.0005 hours Probability of steering failure
Repair rate N 0.005 hours Recovery speed
Value - Hour Calculations are made hourly

Source: compiled by the author based on assumed data for the case analysis

Table 15 provides the failure and repair rates used to
model steering system failure under the repairable mod-
el, with a failure rate A = 0.0005/hour and a repair rate
p=0.005/hour. The significantly higher repair rate sug-
gests that, despite the critical nature of such failures, they
can be addressed quickly, reducing long-term system un-
availability and improving operational safety. Figure 15
illustrates the variation in the probability of steering sys-
tem failure over time, based on the repairable model. This
model assumes that although steering system failures oc-
cur, they can be mitigated through timely repairs.
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Figure 15. Risk of steering system failure —
variation on the Repairable model
Source: created by the author based on risk modelling in the FTA
software environment

Figure 15 shows the modelled risk trajectory of steer-
ing system failure using repairable parameters in the FTA

software environment. The risk of steering system failure
initially grows but gradually stabilises as the repair process
becomes effective over time. This trend emphasises the
importance of routine maintenance and rapid response
protocols, which help contain failure risks and maintain
control system integrity in public transport vehicles.

Gearbox failure (Repairable model). Gearbox fail-
ure can lead to a complete breakdown in vehicle op-
eration, especially in heavy urban traffic conditions
where frequent gear shifts are required. Timely repairs
are usually feasible for this type of failure, making the
Repairable model a suitable approach for risk evalua-
tion. Table 16 presents the parameters used for model-
ling the risk of gearbox failure, including the failure rate
and the rate of repair, both assessed on an hourly basis
and Figure 16 illustrates how the probability of gearbox
failure changes over time using the Repairable model.
As shown in the figure, the failure probability initially
increases but then stabilises due to the system’s ability
to be repaired after malfunction. This model highlights
the importance of regular maintenance and timely in-
terventions in minimising long-term risks. It shows the
variation of gearbox failure risk over time, modelled
using Repairable system parameters. This pattern high-
lights how effective maintenance strategies can signifi-
cantly limit the long-term risk associated with mechan-
ical component failures.

Table 16. Repairable model parameters for gearbox failure risk assessment

Failure rate A 0.0006 hour Probability of gearbox failure
Repair rate 1 0.004 hour Probability of recovery to eliminate the fault
Value Hour Calculations are made hourly

Source: compiled by the author based on assumed data for the case analysis
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Figure 16. Risk of gearbox failure — variation on the Repairable model
Source: created by the author based on risk modelling in the FTA software environment

Table 17 presents the Minimal Cut Sets for traffic ac-
cidents identified through FTA. Each cut set represents a
unique combination of basic events that can lead to the
top event (a road traffic accident). The “Unreliability” col-
umn indicates the probability that a specific minimal cut
set causes a system failure, while the “Importance” col-
umn shows the relative contribution of each cut set to the
overall system failure. The first few cut sets (e.g., rows 1 to

4) have significantly higher importance values. indicating
that they are critical contributors to the overall accident
risk. In contrast, the remaining cut sets, although numer-
ous, have negligible individual contributions, reflecting
a long tail of low-probability failure paths. This analysis
helps to prioritise which combinations of faults need the
most attention to improve system reliability and reduce
accident risk.

Table 17. Risk analysis of road traffic accidents by Minimal Cut Sets

1 Event2.Event3.Event4.Event8.Event11.P 1.40729E-27 0.394

2 Event2.Event3.Event4.Event8.12.P 8.6884E-28 0.243

3 Event2.Event3.Event4.Event8.P 6.72518E-28 0.184

4 Event2.Event3.Event4.Event8.10.P 6.04234E-28 0.169

5 Event2.Event3.Event4.Event8 5.34502E-28 0.0015

6 Event2.Event3.Event4.Event7.Event8 4.49273E-30 0.00013

7 Event2.Event3.Event4.Event7.Event8.12.P 2.77374E-30 0.00078

8 Event2.Event3.Event4.Event6.Event7.Event8 2.14699E-30 0.00060

9 Event2.Event3.Event4.Event8.7.Event8 1.929E-30 0.00054
10 Event2.Event3.Event4.Event6.Event7 1.70638E-32 0.0000048
11 Event2.Event3.Event4.Event5.Event8 1.14729E-32 0.00000032
12 Eventl.Event2.Event3.Event4.Event8 7.08322E-34 0.00000020
13 Eventl.Event2.Event3.Event4.Event6.Event8 5.4872E-34 0.00000015
14 Eventl.Event2.Event3.Event4.Event5.Event8 4.92602E-34 0.00000014
15 Event2.Event3.Event4.Event6.Event8 3.08455E-34 0.000000086
16 Event2.Event3.Event4.Event7.Event8.11.P 2.18985E-34 0.000000061
17 Eventl.Event2.Event3.Event4.Event7.Event8 1.53198E-34 0.000000039
18 Event3.Event4.Event7.Event8.12.P 1.04649E-34 0.000000029
19 Event3.Event4.Event6.Event7.Event8 9.40233E-35 0.000000026
20 Event3.Event4.Event7.Event8.11.P 5.94325E-35 0.000000017
21 Eventl.Event2.Event3.Event4.Event5.Event7.Event8 4.35753E-36 0.0000000012
22 Event3.Event4.Event8.Event12.P 3.66927E-36 0.000000001
23 Event3.Event4.Event8.Event7.Event8.11.P 3.66269E-36 0.0000000010
24 Event3.Event4.Event6.Event8.Event8.12.P 2.84016E-36 7.96E-10
25 Event2.Event3.Event4.Event8.Event8.10.P 2.55179E-36 7.15E-10
26 Event2.Event3.Event4.Event8.Event8.9.P 2.26129E-36 6.33E-10
27 Event2.Event3.Event4.Event8.Event8.12.P 1.75033E-36 4.90E-10
28 Event2.Event3.Event4.Event7.Event8.12.P 1.57261E-36 4.40E-10
29 Event3.Event4.Event8.Event7.Event8.11.P 9.84732E-37 2.76E-10
30 Event3.Event4.Event8.Event10.P 8.31725E-37 2.33E-10
31 Event3.Event4.Event7.Event8.11.P 6.89172E-37 1.96E-10
32 Event2.Event3.Event4.Event7.Event8.Event8 4.31615E-37 1.21E-10
33 Eventl.Event2.Event3.Event4.Event7.Event8.8.P 3.34088E-37 9.36E-11
34 Event3.Event4.Event8.Event7.Event8.12.P 3.00166E-37 8.41E-11
35 Event3.Event4.Event7.Event8.11.P 2.25732E-37 6.32E-11
36 Event3.Event4.Event8.Event7.Event8.Event8 1.89736E-38 5.31E-12
37 Eventl.Event2.Event3.Event4.Event7.Event8.10.P 1.39138E-38 3.89E-12
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Table 17. Continued

38 Eventl.Event2.Event3.Event4.Event7.Event8.12.P 1.1714E-38 3.28E-12
39 Event3.Event4.Event6.Event7.Event8.Event8 9.06712E-39 2.54E-12
40 Event3.Event4.Event7.Event8.Event8.Event8 8.1465E-39 2.28E-12
41 Event3.Event4.Event8.Event10.P 2.65525E-39 7.44E-13
42 Event2.Event3.Event4.Event8.10.P 2.51468E-40 7.04E-14
43 Eventl.Event2.Event3.Event4.Event8.Event8 1.78527E-40 5.00E-14
44 Event3.Event4.Event8.Event8.11.P 1.1022E-40 3.09E-14
45 Event2.Event3.Event4.Event8.Event8.12.P 8.53148E-41 2.39E-14
46 Event2.Event3.Event4.Event7.Event8.10.P 7.66524E-41 2.15E-14
47 Eventl.Event2.Event3.Event4.Event8.Event8.9.P 7.26035E-41 2.02E-14
48 Event2.Event3.Event4.Event8.Event8.9.P 4.79978E-41 1.34E-14
49 Event3.Event4.Event8.Event10.P 4.84522E-42 1.36E-15
50 Event3.Event4.Event8.Event8.10.P 2.99137E-42 8.38E-16
51 Event3.Event4.Event7.Event8.9.P 2.31544E-42 6.49E-16
52 Event3.Event4.Event7.Event8.8.P 2.08034E-42 5.83E-16
53 Event3.Event4.Event8.Event7.Event8.12.P 1.30266E-42 3.65E-16
54 Event3.Event4.Event8.Event7.Event8.11.P 9.24811E-43 2.59E-16
55 Event3.Event4.Event7.Event8.10.P 8.02802E-43 2.25E-16
56 Event3.Event4.Event8.Event9.P 6.78036E-43 1.90E-16
57 Event2.Event3.Event4.Event8.Event8.8.P 5.70965E-43 1.60E-16
58 Event2.Event3.Event4.Event7.Event8.9.P 5.69942E-43 1.60E-16
59 Event3.Event4.Event8.Event10.P 4.35753E-43 1.22E-16
60 Event3.Event4.Event8.Event8.10.P 3.66927E-43 1.03E-16
61 Event3.Event4.Event7.Event8.11.P 3.66269E-43 1.03E-16
62 Event2.Event3.Event4.Event8.Event8.10.P 2.84016E-43 7.96E-17
63 Event2.Event3.Event4.Event8.Event8.9.P 2.55179E-43 7.15E-17
64 Event2.Event3.Event4.Event8.Event8.12.P 2.26129E-43 6.33E-17
65 Event2.Event3.Event4.Event7.Event8.12.P 1.75033E-43 4.90E-17
66 Event3.Event4.Event8.Event7.Event8.11.P 1.57261E-43 4.40E-17
67 Event3.Event4.Event8.Event10.P 9.84732E-44 2.76E-17
68 Event3.Event4.Event7.Event8.11.P 8.31725E-44 2.33E-17
69 Event2.Event3.Event4.Event7.Event8.Event8 6.89172E-44 1.96E-17
70 Eventl.Event2.Event3.Event4.Event7.Event8.8.P 4.31615E-44 1.21E-17
71 Event3.Event4.Event8.Event7.Event8.12.P 3.34088E-44 9.36E-18
72 Event3.Event4.Event7.Event8.11.P 3.00166E-44 8.41E-18
73 Event3.Event4.Event8.Event7.Event8.Event8 2.25732E-44 6.32E-18
74 Eventl.Event2.Event3.Event4.Event7.Event8.10.P 1.89736E-45 5.31E-19
75 Eventl.Event2.Event3.Event4.Event7.Event8.12.P 1.39138E-45 3.89E-19
76 Event3.Event4.Event6.Event7.Event8.Event8 1.1714E-45 3.28E-19
77 Event3.Event4.Event7.Event8.Event8.Event8 9.06712E-46 2.54E-19
78 Event3.Event4.Event7.Event8.8.P 8.1465E-46 2.28E-19
79 Event3.Event4.Event8.Event7.Event8.12.P 2.65525E-46 7.44E-20
80 Event3.Event4.Event8.Event7.Event8.11.P 2.51468E-47 7.04E-21
81 Event3.Event4.Event6.Event7.Event8.Event8 1.78527E-47 5.00E-21
82 Event3.Event4.Event8.Event8.11.P 1.1022E-47 3.09E-21
83 Event2.Event3.Event4.Event8.Event8.12.P 8.53148E-48 2.39E-21
84 Event2.Event3.Event4.Event7.Event8.10.P 7.66524E-48 2.15E-21
85 Eventl.Event2.Event3.Event4.Event8.Event8.9.P 7.26035E-48 2.02E-21
86 Event2.Event3.Event4.Event8.Event8.9.P 4.79978E-48 1.34E-21
87 Event3.Event4.Event8.Event10.P 4.84522E-49 1.36E-22
88 Event3.Event4.Event8.Event8.10.P 2.99137E-49 8.38E-23
89 Event3.Event4.Event7.Event8.9.P 2.31544E-49 6.49E-23
90 Event3.Event4.Event7.Event8.8.P 2.08034E-49 5.83E-23
91 Event3.Event4.Event8.Event7.Event8.12.P 1.30266E-49 3.65E-23
92 Event3.Event4.Event8.Event7.Event8.11.P 9.24811E-50 2.59E-23
93 Event3.Event4.Event7.Event8.10.P 8.02802E-50 2.25E-23
94 Event3.Event4.Event8.Event9.P 6.78036E-50 1.90E-23
95 Event3.Event4.Event8.Event8.8.P 5.70965E-50 1.60E-23

Source: compiled by the author based on assumed data for the case analysis
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One of the key outcomes of the FTA conducted in this
study is the identification of Minimal Cut Sets (MCS) — the
smallest combinations of basic events that, if they occur si-
multaneously, inevitably lead to the Top Event, i.e., a road
traffic accident involving a public bus. Each minimal cut
set represents a unique combination of technical, human,
and environmental factors, and provides valuable insight
into the most critical risk pathways within the system. For
example, the first minimal cut set (Event2.Event3.Event4.
Event8.Event11.P) includes the following high-risk events:

> Event2 - steering system failure;

Event3 - brake system failure;

Event4 — driver error;

Event8 — heavy traffic conditions;
Eventl1 - provocation by other vehicles.

Although the combined probability of occurrence for
this set is very low (1.40729E-27), the importance factor
(0.394) signifies that this combination makes a signifi-
cant contribution to overall system risk. In total, Table 17
presents 95 such minimal cut sets, each quantifying the
contribution of different combinations of failures and
unsafe behaviours to the top event. This analysis forms
the foundation for prioritising safety interventions by
ranking which combinations of risk factors require im-
mediate attention.

These findings align with similar applications in in-
ternational research. For instance, A.A. Baig et al. (2020)
conducted an FTA study on urban bus safety in Delhi and
identified driver error and brake system failures as prima-
ry causes of accidents. The present study confirmed this
through the high-priority cut sets that combine steering
and braking failures with human error. The convergence
of findings underscores the synergistic effect of technical
and behavioural failures on urban transport safety.

Furthermore, the application of the Weibull model to
represent time-dependent risks, such as mechanical deg-
radation and behavioural shifts, is supported by studies
such as L. Chen &Y. Wang (2021). Their research in China
confirmed that technical components like gearboxes and
steering systems exhibit increasing failure probabilities
over time, particularly when operating under intensive
service conditions. The use of >1 in current study, con-
sistent with their findings, reflects the accelerating nature
of wear-related risks in urban public transport systems.

In contrast, R. Joomjee et al. (2024) applied the con-
stant model to assess the impact of unpredictable external
risks — such as road congestion and aggressive behaviour
by surrounding vehicles in highway scenarios. A similar
approach was adopted in this study to model provoca-
tion by other vehicles, particularly in dense urban traffic
in Baku, where such threats are stochastic and environ-
ment-driven, validating the robustness of the constant
model structure for external, uncontrollable variables.

From a behavioural risk standpoint, risks such as
lighting or signal system failure or improper passenger
boarding were analysed using the Dormant model, which
remains inactive until triggered by specific conditions.
This modelling strategy is consistent with the work of

>
>
>
>
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M. Li et al. (2022), who used a similar approach to evalu-
ate latent risks in tram systems. Their study affirmed the
importance of dormant risks, which, although infrequent,
have severe consequences when activated-especially in
unpredictable urban traffic scenarios.

The concept and application of Minimal Cut Sets,
as utilised in this study, are rooted in the foundational
methodology developed by W.E. Vesely et al. (1981) for
aerospace safety. The current adaptation of this method to
public transport risk management allows for quantitative
prioritisation of risk pathways, guiding resource alloca-
tion and intervention strategies more effectively. This ap-
proach also complements advanced reliability modelling
by integrating technical failures with human and contex-
tual factors within a comprehensive fault-tree framework.

Moreover, the classification of failures into repaira-
ble and unrepairable categories, following the rationale
K. Kaur (2023), helps to improve maintenance planning.
In this case, components like the fuel system and gearbox
were modelled as repairable, allowing for service resto-
ration through timely intervention, while engine failure
was modelled as unrepairable, where full replacement
was more realistic. This differentiation supports a cost-ef-
fective maintenance strategy, avoiding overinvestment
in systems where repair is not viable. The integration of
time-loss and reliability concerns into fault-tree model-
ling reflects insights from V. Dixit et al. (2019), who studied
the perception of travel time risk. In this study, these dis-
ruptions — whether from technical failures or driver-relat-
ed issues - feed into broader system inefficiencies, such
as delays, increased congestion, and reduced public trust
in transportation services. By embedding these concepts
into the FTA framework, a holistic understanding of both
accident causality and operational risk is achieved.

Several recent studies have examined the strengths
and limitations of classical Fault Tree Analysis and its al-
ternatives in safety-critical systems. For instance, N. Kha-
kzad et al. (2011) conducted a comparative analysis of FTA
and Bayesian Networks (BNs) within the context of pro-
cess safety. Their findings underscore that while FTA relies
on a static, deductive structure, and assumes event inde-
pendence, it lacks the capability to model uncertainty,
temporal progression, and complex interdependencies.
In contrast, BN offers greater modelling flexibility, incor-
porating conditional relationships, expert judgments, and
probabilistic updates. Although their study demonstrates
a transition mechanism from FTA to BN and applies both
methods to an accident scenario, it does not consider ap-
plications in public transportation systems, particularly
in bus operations. Critical factors such as route structure,
driver and passenger behaviour, environmental dynam-
ics, and cost-risk implications are omitted, indicating a
gap in contextual adaptation of these methods to urban
transit safety.

Inarelated contribution, W. Wang et al. (2010) proposed
the Incident Tree Analysis (ITA) approach, which extends
FTA by introducing temporal event evolution and track-
ing the flow of information during incident development.
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This dynamic structure provides a more comprehensive
view of accident progression, particularly in complex sys-
tems with feedback loops. While ITA introduces a valuable
framework for modelling real-world accident sequences,
the study lacks specificity to public transport systems
such as buses or metros and does not incorporate weather
conditions, infrastructure characteristics, or socio-eco-
nomic consequences, all of which are highly relevant to
urban mobility planning.

Similarly, O. Derse & E. Go¢gmen (2019) explored the
integration of FTA with mathematical optimisation meth-
ods to support risk-informed transport mode selection.
Their model successfully incorporates uncertainty and
user discomfort into the decision-making framework,
positioning FTA as a strategic planning tool. However,
the study remains largely theoretical and scenario-based,
without calibration using real-world data. More impor-
tantly, it fails to engage with urban bus systems, dynamic
passenger flow patterns, or context-specific environmen-
tal risk indicators. In contrast, the present study applies
FTA directly to urban bus networks in Baku, integrating
technical (e.g., gearbox, steering), behavioural (e.g., fa-
tigue, distraction), and environmental (e.g. road conges-
tion. weather conditions) risk factors. It further utilises
actual incident data and FTA software (Top Event) to de-
rive minimal cut sets and assign priority to critical event
combinations, thereby transforming conceptual models
into operationally relevant safety assessments.

Beyond identifying methodological gaps, this study
also aimed to propose actionable measures for enhancing
safety in public transport systems. Based on the modelling
outputs and comparative analyses, several policy and op-
erational recommendations can be made here. Driver-fo-
cused safety programmes should include fatigue detec-
tion systems, cognitive-behavioural training, and targeted
monitoring during the first six months of employment,
where risk is highest. Predictive maintenance schedules
should be developed based on failure probability model-
ling (e.g., Weibull analysis), particularly for components
with accelerating wear-out behaviour such as gearboxes,
fuel systems, and steering mechanisms. Advanced mon-
itoring systems (e.g., telematics, GPS-based diagnostics,
lane departure warnings) should be deployed to capture
real-time risk signals related to technical failures or ag-
gressive surrounding vehicle behaviour. Integrated data
platforms should be established to link operational, be-
havioural, and environmental data for system-wide risk
surveillance and dynamic decision-making. Institutional
capacity-building is required to embed fault-tree logic and
quantitative risk modelling into transport safety audits,
ensuring that risk prioritisation guides both investments
and daily operations.

”Conclusions™

The purpose of this study was to evaluate keyrisk factors in
public bus transportation systems by applying Fault Tree
Analysis in combination with various reliability models.
The main objective was to assess the failure probability of
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different technical and behavioural factors under varying
traffic and operational conditions, and to determine their
criticality in road traffic accidents. The results of the anal-
ysis confirmed that the selected methodological approach
effectively identified and quantified significant risk con-
tributors, thus achieving the primary research goal.

The research began with the classification of risk
sources into three broad categories: technical failures (e.g.,
steering, braking, engine), behavioural errors (e.g., pedes-
trian misbehaviour, driver faults), and environmental trig-
gers (e.g., traffic density, influence of other vehicles). Each
risk was analysed using a reliability model appropriate to
its failure nature — such as the Weibull model for time-de-
pendent failures and the Constant or Dormant models for
continuous or passive risks. Quantitative parameters like
failure rate (A), repair rate (n), characteristic life (), and
shape factor () were used to simulate system behaviour
over time. Based on these parameters, risk curves, and
probability distributions were generated for each scenar-
io. Additionally, the study employed a Minimal Cut Set
analysis to rank the most critical event combinations that
could lead to accidents.

The findings underscored that driver error and pe-
destrian behaviour were among the most significant
contributors to bus-related accidents, particularly when
combined with mechanical failures under high-traffic
conditions. The combination of FTA and reliability mod-
elling not only allowed for detailed risk decomposition
but also helped to trace the pathway of accident causa-
tion in a structured and quantifiable manner. The analysis
also demonstrated that some failures, despite having low
probability, pose high criticality due to their involvement
in key failure pathways.

Overall, the integration of probabilistic models into
FTA-based transport safety assessments contributes to a
more comprehensive understanding of urban mobility
risks. These results provide a robust foundation for devel-
oping predictive models and proactive safety interventions
tailored to public transportation systems. The findings of
this research may serve as a foundation for improving
transport safety strategies and can be applied to reduce
accident rates and enhance urban mobility resilience in
similar metropolitan settings. Future research should ex-
plore the integration of real-time telematics and machine
learning algorithms to dynamically update fault trees
based on actual vehicle performance and behavioural
data. Additionally, socio-demographic and route-specific
variations in risk exposure require further empirical inves-
tigation to tailor safety measures with greater precision.
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OUiHKa pU3UKiB A1 TPOMAACDBKOro TPAHCMNOPTY
30 AONOMOrolo aHanily gepesda BiaMoB (Nnpuknap micta baky)
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AzepbalimyRaHCbKUAM TEeXHIYHNN YHIBEPCUTET
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AHoTauif. Be3neka JOPOKHBOTO PYXy CTa€ fAefasli BasKIUBIIINM NMUTAHHAM Yy MICBKUX TPaHCIOPTHUX CHUCTEMaXx,
0CO0JIMBO B KpaiHax, III0 PpO3BUBAIOTHCSA, TAKUX IK A3epOaii/iskaH, ie JOPOKHbO-TPAHCIIOPTHI IPUTOIU IIPOJIOBKYIOTh
OyTH OCHOBHUM JPKEpPEJIOM TPaBM Ta MOIIKOMKEeHHs MaiHa. lle JociimkeHHs Majio HAa MeTi OI[iHUTH PU3UKH,
TIOB’sI3aHi 3 Mepeskelo TPOMaZChKOro TPaHCIOPTY baky, 3a AommoMoroi aHasidy JepeBa BifMOB y paMKaxX MaTpPHIL
XaznmoHa, ska po3noinsge (aKkTopH, 10 CIPUAIOTH I[bOMY, Ha TPH KaTeropil: TpPaHCIIOPTHI 3ac00H, JII0IU Ta TOPOSKHE
cepenosuite. ITinxin anaai3y qepeBa BiIMOB CIIPUSIB CUCTEMATUYHOMY, JEAYKTUBHOMY MOCJiPKEHHIO MTOTEHITIHIX
NIPUYYH BiTMOB, sIKi MOXKYTh IPU3BECTH JI0 aBapill 3a y4acTI0 TPOMaACHKOr0 TPAHCIOPTY. Peaybratu AOC/IimKeHHA
IoKas3aJy, o0 nNpobJjeMu, MoB’sI3aHi 3 TPAaHCIOPTHUMU 3acobaMy, cepe]] HUX HECIPABHICTh Ta/IbMIBHUX CHCTEM,
npobJeMu 3 KepMOBUM KepyBaHHAM Ta HeHaJIe)KHe TexHiuHe 00CIyroByBaHHS, 3HAYHO 30/IBIIYIOTh HMOBIpHICTE
BUHUKHEHHs aBapiil. PU3WKM, COpUYWHEH] JIIOAWHOIO, TakKi SIK TMOBeMiHKA BOJis (HAaNpHWKJ/aJ, IepeBUIEeHHS
IIBUJKOCTI Ta HEHaJaHHA HAJIESKHOI JOPOKHBOI [OIIOMOIHW), HENOTPUMaHHA MpPaBUJl JOPOKHBOIO pPyXy Ta
HemnepenOadyBaHi il MIIOXOIB, TAKOK 3HAYHOIO MipOI0 CIPHUSAIOTH I[ill mpobJseMi. Kpim Toro, cran mopir, morana
iH(ppaCTPyKTypa, BiACYTHICTh HaJe)KHUX 3HAKIB, HEJOCTATHE OCBITVIEHHA Ta Hebe3neyHa KOHCTPYKIlisl aBTOOYCHUX
3yNIUHOK, e OiJIbIle MiIBUINYIOTh PU3UK. B3aeMomisa mux ¢gakTopiB BKa3ye Ha Te, [0 aBapii Ha TPOMaJCbKOMY
TpaHCHopTi B Baky € 6ararorpaHHIMHU Ta 9acTo iM MOKHA 3anobirtu. Ile moc/TiIKeHHs MiATBEPIUIIO HEOOXiTHICTh
CHCTEeMaTUYHOTO OIiHIOBAaHHA CTaHy Oe3NeKy, IIPOBeJeHHs IUIAHOBUX OWIANIB TPAHCIOPTHUX 3acobiB Ta
TIOKpAIleHHs iHINiaTuB 3 miaBUIIEeHHs 00i3HAHOCTI TPOMAACHLKOCTI MJIsI 3MEHIIIEHHSI PU3UKIB JOPOKHIX aBapii,
MIOB’A3aHUX 3 MiCBKMM TPAHCIOPTOM. Pe3yJsibTaT IbOro JOCIiJKeHHS BUCBIVINJIN HalicepHO3Hillli 30HU PU3UKY,
1[I0 MOYKe HaJaTH KepiBHUKaM MIiCBKOT0 TPAHCIOPTY CIPUSAHHA IPU po3poOIi 6inbin ed)eKTUBHUX CTpaTeriit 1jisa
miBUIEeHHs 6e3NeKU B TPAHCIIOPTHIN cucteMi Baky

KnioyoBi cnoBa: MicbKi AOpPOKHBO-TPAHCIOPTHI NPUTOAW; TPAHCIOPTHHH 3acib, aHami3 pHU3HUKiB; Oesmeka
JIOPOKHBOTO PYXy; PUSUKHU eKCIITyaTallii aBToO0yCiB
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