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Abstract

This study aims to enhance the accuracy of railway section capacity estimation in freight logistics by accounting for random
delays inherent in semi-automatic blocking (SAB) systems. These systems are still widely used in regions such as
Kazakhstan, where manual dispatching introduces variability that affects scheduling and throughput reliability. A discrete-
event simulation model was developed using AnyLogic software to assess the impact of dispatch delays on capacity. The
delays were modeled as random variables following three statistical distributions: normal (for stable operation), exponential
(for high uncertainty), and empirical (based on observed field data). The model calculates train intervals and daily throughput
under each delay scenario. The results show that ignoring stochastic delays may lead to capacity overestimation by up to
30%. Depending on the delay profile, estimated throughput ranged from 64 to 77 trains per day. The empirical distribution
yielded the most realistic result, approximately 69 trains per day, closely reflecting real operational conditions. Accounting
for delay variability improves the realism and accuracy of capacity estimation, especially in manually operated systems where
automation is limited. The proposed method offers a decision-support tool for logistics planners and infrastructure managers
to improve scheduling, evaluate operational risks, and guide investments in dispatch system modernization.
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1. Introduction

In the context of limited opportunities to expand railway infrastructure through the construction of new tracks or large-
scale modernization, optimizing the use of existing assets has become a strategic objective for sustainable transportation
development. Increasing line capacity without significant capital investments is especially critical given the growing
competition between transportation modes and the rising demand for reliable and efficient freight logistics. The capacity of
a railway line directly influences not only the number of trains that can pass through a section per unit of time but also the
stability of transport schedules, operational costs, profitability, and the overall efficiency of logistics chains [1, 2].

Today, the intensification of freight flows along key corridors highlights insufficient capacity as a major constraint not
only to transportation network performance but also to broader economic growth. Empirical evidence shows that congested
railway sections lead to extended waiting times, decreased average speeds, and frequent disruptions in freight and passenger
schedules [3, 4]. Moreover, limited capacity increases operational risks and reduces resilience, particularly in high-density
corridors where flexibility and maneuverability are already restricted.

Capacity management and development are regarded as priorities in strategic transportation programs. For instance, the
European Commission's Smart and Sustainable Mobility Strategy highlights digitalization and the optimization of railway
traffic management as critical elements for enhancing network efficiency [5]. Similar approaches have been observed in
Asian countries, where comprehensive measures are being taken to increase the operational flexibility of existing lines due
to high infrastructure pressure [6].

Among the key determinants of railway capacity is the type of interval control system in use. These systems regulate
train spacing to ensure safe operation, and the length of the required interval governs how many trains can traverse a section
in a given time frame [7]. Several factors influence interval duration, including rolling stock characteristics (e.g., braking
distance), track layout, the degree of automation in dispatching, and the responsiveness of traffic control systems.

The intervals between trains depend on several factors, including the technical characteristics of the rolling stock (e.g.,
braking track), track profile, level of automation of the traffic control system, and reaction time to changes in the situation.
In traditional systems, such as relay autoblocking, the line is divided into fixed block sections, each of which can only be
occupied by one train. The next train is permitted to enter a block section only after the previous train has fully vacated it.
While this approach provides a high level of safety, it also leads to significant limitations on the minimum possible interval,
especially on sections with heavy traffic [8].

Modern interval control systems use flexible approaches that enable real-time control. Digital and radio communication
technologies, such as radio interlocking (including ETCS Levels 2 and 3, CBTC, etc.), occupy a special place among these
systems. They are based on constant data exchange between the train and the control center. These systems eliminate the
need for rigidly defined block section lengths, forming dynamic intervals that adapt to the current situation [9, 10]. This
significantly reduces the time gap between trains, increases schedule density, and enhances the section's capacity without
requiring additional infrastructure.

Thus, the choice and application of a particular interval train control system have a decisive impact on the efficiency of
railway infrastructure utilization. The transition from traditional relay systems to more modern digital solutions not only
increases throughput capacity but also provides more flexible traffic control, which is especially important in conditions of
high transportation demand dynamics and the need to respond quickly to schedule changes [11].

However, the implementation of such systems requires complex analysis and justification in terms of efficiency,
feasibility, and possible limitations. In this regard, simulation modeling methods that allow reproducing the operation of a
railway section under different conditions and traffic control scenarios are becoming relevant. With the help of simulation, it
is possible to assess the impact of various factors on throughput capacity, identify bottlenecks in traffic organization, and
compare the effectiveness of different regulation systems [12, 13].

While much of the existing literature on capacity modeling focuses on highly automated systems, large portions of the
railway network particularly in post-Soviet countries continue to rely on semi-automatic blocking (SAB). In SAB systems,
dispatch authorization is confirmed manually, introducing variability and delay into train operations. These delays are often
stochastic in nature but are rarely captured in conventional capacity estimates, leading to overoptimistic planning and reduced
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schedule reliability.

This study addresses this gap by developing and validating a simulation-based model for estimating railway section
capacity under SAB conditions, explicitly incorporating random dispatch delays. By comparing different statistical
distributions normal, exponential, and empirical the study evaluates their impact on inter-train intervals and overall daily
throughput, with the goal of improving schedule reliability and informing logistics planning under infrastructure and
automation constraints.

2. Materials and Methods
2.1. Features of Semi-Automatic Locking

Semi-automatic interlocking is one of the earliest and simplest forms of interval train control. Historically, it represents
a transitional stage from manual to automated traffic control methods. First implemented in the late 19th century, it is still
used today on low-volume railroad sections, particularly in countries with extensive infrastructure and limited automation.
SAB operation is based on the presence of telegraphic or telephone communication between station duty officers bordering
the crossing. Manual control is used instead of automatic train position control. Permission to occupy the crossing is given
only after receiving confirmation of clearance from the previous train from the destination station. Thus, only one train can
occupy a level crossing at a time. The next train receives permission to depart only after the crossing has been cleared. This
significantly increases the technical inter-train interval and reduces the section's capacity [14, 15]. In practice, this scheme
significantly reduces the sustainability of Kazakhstan's logistics chains and increases the risk of incidents due to personnel
errors, confirmed in up to 35% of cases in dense traffic [16]. Table 1 summarizes the key features of interval train control
systems.

Table 1.

Main characteristics of interval train control systems.

Characteristics SAB AB RB
Traffic control Manual Automatic Digital
Confirmation time 2-10 minutes 0.5-1 minutes < 0.2 minutes
Interval type Fixed Depends on the block party Dynamic
Participation of the duty officer Yes No No
Reliability Middle High Very High
Throughput capacity 50-65% of the possible 80-90% 90-100%

Technically, the system consists of telephone or radio communication, operational negotiations between stations, and
the recording of departures and arrivals in paper or electronic logs. However, there are no automatic sensors that record the
passage of trains along the line. Because the entire system relies on trust in personnel and their actions, it is vulnerable to
human error. Studies have shown that up to 35% of all incidents in heavy traffic are caused by personnel errors when using
SABs [16]. Additionally, SAB does not allow for centralized monitoring of train movement, which limits the use of intelligent
decision support systems and automatic schedule regulation. In the event of abnormal situations, such as an emergency stop,
communication breakdown, or technical malfunction, the system'’s response depends entirely on humans. This makes ensuring
the safety and sustainability of the transportation process difficult [17].

Nevertheless, semi-automatic interlocking is still used on local lines and sections with limited passenger traffic. Its main
advantages are the low cost of implementation and operation and the relative ease of maintenance. In some regions,
modernized forms of SABs include microprocessor-based control elements, also known as computer-based SABs. These
systems retain the logic of manual coordination but use digital communication, maintain an electronic message transmission
protocol, and implement automatic time and event recording [18, 19].

According to simulation studies, using SAB on sections with a traffic intensity of more than 30 pairs of trains per day
results in significant time losses and inefficient infrastructure usage. Studies on real Kazakhstani routes demonstrate the
significant potential of transitioning to digital systems. For instance, a model of container traffic along the Dostyk-
Zhezkazgan-lletsk corridor revealed that modernizing the infrastructure and transitioning to virtual interlockings could
increase the section's throughput capacity and resource efficiency [20]. Similar results were obtained for the Trans-Caspian
route corridor. Modeling revealed that traffic significantly accelerated and downtime was reduced due to the optimization of
joint government and corporate logistics coordination [21].

One of Kazakhstan's defining features is its extensive regional lines with low traffic density. In these areas, the
implementation of complex control systems may not be economically feasible. Here, SAB remains important, particularly as
a temporary measure before transitioning to digital systems. However, studies show that SAB reduces throughput to 55-65%
even at low traffic volumes (10-20 pairs of trains per day), which is much lower than similar indicators for autoblocking or
radio-blocking (about 90%).

Additionally, implementing a comprehensive SAB in Kazakhstan's harsh climate is complicated by unreliable
communication and limited infrastructure. Modeling these conditions shows that, in the event of communication failure or
personnel error, the time between trains increases by 30-40%. This leads to disruptions in logistics schedules and reduces the
competitiveness of the railway sector [20, 21].

Thus, SAB in Kazakhstan is a limited, temporary solution for low-intensity lines. However, its long-term use results in
reduced transparency, reliability, and efficiency in transportation processes.

Unlike automatic blocking, where the inter-train interval is solely determined by the time a train passes a block partition
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and when it is released, SAB adds another component: the time spent waiting for confirmation and preparing for departure.
Consequently, the minimum possible interval between trains increases, as does the capacity of the section.

Moreover, the waiting time for confirmation is not constant. It depends on staff workload, communication speed, reaction
time, and many other external factors. This gives the waiting time a stochastic character. This factor is of scientific interest
and requires modeling that takes random delays into account.

2.2. Factors Causing Delays

In a semi-automatic interlocking system, the delay between the arrival of the previous train and the authorization of the
next train is a key element that directly impacts throughput. Unlike automatic systems, where the sequence of actions is
standardized and performed by technical means, the process of confirming arrival and granting permission in SAB depends
on a variety of external and internal factors. These delays are not fixed and are subject to random deviations, giving them a
stochastic character [22].

The main reasons for variation in resolution transfer time fall into the following categories:

1. Human factor: The timeliness of information transmission depends on the station duty officer, who is responsible for
controlling and dispatching trains. Under conditions of high workload, fatigue, shift work, and lack of automation, there may
be delayed reactions, errors in signal transmission, the need for multiple confirmations, and other subjective factors. This is
especially true at sites where the duty officer performs multiple functions. The human factor likely contributes the most, since
the work of a station duty officer requires high concentration, accuracy, stress resistance, and the ability to multitask. In
conditions involving a large number of operations (receiving, dispatching, maneuvers, and communication), there is a
probability of error.

o Delayed response to a request for dispatch;

e Errors in checking the condition of the crossing;
e Time losses for clarification of information;

e Transitions between tasks, or cognitive switches.

This is especially common in areas with high traffic density, poor lighting, or understaffing, particularly at night.
Additionally, human performance is inconsistent the same duty officer may perform differently at the beginning and end of
a shift, on weekdays versus weekends, and in normal versus stressful situations [23].

2. The peculiarities of the communication channel. In most railway sections, SAB still operates using wired analog
channels, telephone lines, and radio stations. These are subject to:

e  Temporary disruptions;

e Dial-up delay;

e  Blurred hearing, noise, interference;
e Non-confirmation of transfer.

Even when people are on duty and ready to interact, delays may occur due to the technical limitations of the channel.
Modern digital technologies, such as GSM-R, TETRA, and LTE-R, are still implemented in a fragmented manner. Their
implementation requires large-scale modernization, which necessitates accounting for delays in current systems. In areas
without modern digital facilities, such as GSM-R or TETRA, communication between stations is carried out via analog
channels, wire lines, or radios. These channels are often subject to noise, temporary failures, and quality fluctuations.
Transition areas between technologically sophisticated and less sophisticated areas are particularly sensitive to such failures.
Delays can occur in both signal generation and acknowledgment, especially if the equipment requires manual operation [24].

3. External Conditions: Temporary disruptions in radio communications, impaired visibility of signals, and the need for
additional checks can result from weather effects (e.g., rain, thunderstorms, high winds, and fog), temperature variations, and
electromagnetic interference. These factors increase the total time required to transmit authorization [25].

4. Organizational and infrastructure failures: Sometimes delays are caused by unforeseen situations: temporary
unavailability of the duty officer, track maintenance, delays of previous trains, failure of signaling devices, high station load
during peak hours, etc. These events occur infrequently, but their impact can be critical, especially in dense traffic schedules
[26].

The combined effect of these factors leads to the fact that the time of resolution transfer at SAB becomes a variable
value, changing from train to train and from day to day. For this reason, in order to build a realistic throughput model, it is
necessary to take into account the stochastic nature of delay by setting it as a random variable with a certain distribution law
[27].

2.3. Formalization of the Throughput Estimation Model

Given the above, the delay in transmitting train departure authorization under semi-automatic interlocking conditions
can be represented as a random variable, 7. It reflects the additional time that elapses between the arrival of the previous
train and the station duty officer's authorization of the next train's departure [28].

Classical approaches to capacity estimation consider the period of the train schedule at the boundary crossing, denoted
as T, . This period includes the total travel time of a pair of trains along the boundary crossing. It also takes into account their
acceleration and deceleration, as well as the station time intervals at the split points adjacent to the boundary crossing (a and
b, respectively), provided by the skip pattern.
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Tp=th+Ta+‘L'b, @
where T,, — period of the train schedule at the limiting crossing; 3. t, — total time of movement of a pair of trains along
the limiting crossing, taking into account their acceleration and deceleration provided for by the skip scheme; t,, T, — station
time intervals, stipulated by the train passing scheme, at the separate points a and b, respectively, adjacent to the boundary
crossing.
However, under SAB conditions, the period of the train schedule at the restraining crossing must account for the delay:

sz(th+ ‘L'a+‘L'b)+Td, 2
where t; — random resolution transmission delay.
Thus, the throughput capacity of the single-track railroad section N is calculated as the number of pairs of trains per day
using the following formula:

Ta

N = (1440 — teecn) - ar _ (1440 — trecn) * ar (3)
T, Cty+ 1 +1) + 14
where 1440 minutes in a day; t..., e€xclusion for train traffic from the daily duration of the time (24 hours) required for
maintenance of technical devices and scheduled repairs of devices (for single-track railroad sections, 75 minutes is accepted);
a, — reliability coefficient (for single-track electrified railroad lines - 0.93, and for non-electrified lines - 0.92).
This formalization enables us to quantify the impact of stochastic delays on intervals and throughput. The following will
model the 74 using different probability distributions that reflect typical SAB operating scenarios [28].

2.4. Delay probability distributions

In most traditional bandwidth estimation models, the transmission delay of the resolution is assumed to be zero or a
constant, known, and repeatable value. This assumption is only acceptable for highly automated systems (e.g., automatic
interlocking with digital signaling), where stable transmission of information is possible. However, under SAB conditions,
this assumption significantly distorts the modeling results and overestimates the actual capacity of the section [29].

Classical estimates of SAB throughput often make the simplifying assumption that:

e or, there is no delay at all, and the resolution is instantaneous;
e or, it may have a fixed value (e.g., one minute).

Such assumptions are only appropriate in cases of full process automation, which is rarely observed in practice. Real
delays fluctuate and cannot be accurately predicted, leading to calculation errors.

This is especially critical in tight schedules, where each extra interval leads to the loss of a train slot, and thus to reduced
throughput, the formation of «tails», and even failures in neighboring sections [29].

To eliminate this drawback and increase the model's validity, this study treats the delay, 74, as a random variable that
obeys a known law of probability distribution. This formulation allows us to model the system's behavior more realistically,
take into account fluctuations, instability, and the probabilistic nature of delays, and perform a comparative analysis under
different operating conditions.

Introducing a stochastic element into the description of the resolution transfer process enables us to evaluate the
likelihood of significant delays and their impact on train interval formation, the total number of possible departures during
the calculation period, and consequently, the overall capacity of the railway section. This is particularly important when
analyzing boundary scenarios where a line operates at capacity, as even small fluctuations can cause cascading effects and
schedule shifts [30].

Thus, including the random variable t, in the calculation of the train interval not only refines the estimate but also
elevates the analysis to a new level, presenting the system as dynamic and stochastic rather than static and simplified [30]

To achieve more realistic modeling, this study treats the parameter t,; as a random variable that obeys one of the
following probability distributions.

e Normal distribution occurs when personnel work is stable;
e Exponential distribution: Ideal for high fluctuations and failures;
e  Empirical distribution is based on actual, observed data.
Each of them reflects certain operational features and scenarios of railroad sections.

2.4.1. Normal distribution
The normal distribution, also known as the Gaussian distribution, is one of the most commonly used distribution laws in
applied statistics and probability theory. In the context of modeling railway processes, for example, it is used to describe
natural fluctuations caused by the combined effect of many weak random factors [31].
The normal distribution is mathematically defined as follows:
2
- exp <_ (tg — ) )) @)

1
f(Td) O'm 20-2
where f(t;) — probability density; u — mathematical expectation (mean value); o — standard deviation (characterizes the
«spread» of values).
This paper models the delays in the normal distribution using the following parameters:
- 4 = 3 minutes — average delay;
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- 0 = 1 minute — standard deviation.
These values correspond to the average delays observed at sites with relatively stable connectivity and manual control.
To eliminate incorrect values (negative delays), trimming of the distribution to the left is applied:
Ta—modetea = Max(0,74), ()
This is acceptable, as the delay cannot possibly be less than zero.
The normal distribution is particularly useful for describing situations in which:
e Communication between stations is stable, but there is no automation.
e The operator (station duty officer) works at a predictable speed with permissible fluctuations;
e The influence of extraneous factors (e.g., weather, workload, and complexity of the station layout) is insignificant.
Examples of such sites include:
e Single-track crossings with good visibility and regular schedules;
e Lightly loaded stations with experienced personnel;
e Stations are equipped with analog communications and a high level of performance discipline.
The normal distribution is characterized by two parameters: mean u = 3 minutes and standard deviation ¢ = 1 minutes.
This choice reflects moderate deviations and relatively stable personnel and equipment operation.

Ta~N@u=3,02=1), (6)
Figure 1 shows the histogram of the normal delay distribution generated by 4 = 3 and ¢ = 1. Characteristic features:
e Bell-shaped: most of the delays are concentrated near the mean value;
o  Approximately 68% of the values fall within 4 + o (2 to 4 minutes);
e Both delays that are too short (less than one minute) and those that are too long (more than five minutes) are unlikely.
The density curve (KDE) superimposed on the histogram confirms the theoretical shape.

Normal Distribution of Authorization Delays
(L= 3 min, o = 1 min)

—i— - —w=e Mean value (4 = 3 min)
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Figure 1.
Normal Distribution of Authorization Delays.

The normal distribution provides the best approximation of SAB system behavior under stable personnel and
infrastructure conditions. It accurately reproduces fluctuations in the interval between train departures and estimates the
average capacity of a section under typical conditions.

However, for sites with unstable connectivity, human error, or a high degree of uncertainty, exponential or empirical
distributions are more appropriate.

2.4.2. Exponential Distribution

The exponential distribution is widely used in mass service theory, reliability modeling, and systems with rare events. It
describes processes in which the time between events (e.g., delays, failures, or requests) follows a decreasing probability law:
The longer the delay, the less likely the event is to occur; however, the probability is never zero [32].

The probability density function is mathematically represented by the following formula:

f(tg) = de™7a, 7q 20 ()

where A — intensity parameter (frequency of occurrence of events).

The average delay value is determined:
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1 @)
u= X
The exponential distribution applies when delays are predominantly random and short intervals are likely, though long
delays are still possible. It is described by one parameter: intensity (4). The study used a value of 1 = 0.4, which corresponds
to an average value of u = 2.5. This brings the model closer to a scenario involving high uncertainty and unstable coupling.
Ta~Exp(A = 0.4), (9)
The exponential distribution best describes unstable, irregular systems where:
e The connection may be cut off;
e  The operator may be distracted or take a long time to respond,;
e The order in which requests are handled may be disrupted;
e Competition between trains may occur.
Characteristics:
e High density near zero: Many short delays;
e Along right tail indicates rare but possible long delays;
e  Asymmetry: Unlike a normal distribution, this distribution is not symmetric.
Figure 2 illustrates an exponential distribution with a parameter of A = 0.4.

Exponential Distribution of Authorization Delays
(A=0.4, p = 2.5 min)

=== Mean value (u = 2.5 min)

Probability Density

T
4 6 8

10 12 14 16
Delay (minutes)

Figure 2.
Exponential of Authorization Delays.
In addition:
e More than 50% of all delays are less than two minutes;
e About 10% exceed five minutes;
e A small but non-zero probability is observed even for T > 10 min.
The exponential distribution allows us to model the unstable sections of the SAB, where delays are rare but significant.
This distribution is particularly useful for analyzing the boundary states of the system, the stability of the schedule against
failures, and the necessity of buffers between trains.

2.4.3. Empirical Distribution

The empirical distribution is the most realistic way of modeling random variables, based not on theoretical assumptions
but on real observed data. In the context of this paper, it is used to approximate the behavior of resolution transmission delays
in SAB, taking into account all technical, human, organizational, and random factors operating in a real system [33].

The empirical distribution may be:
e Discrete (if fixed delay values are observed, e.g., 0.5, 1, 2, or 5 minutes);
e Continuous (if the data are smoothed or collected with high precision).

The empirical distribution is based on a discrete set of values that approximate the actual observed data. This approach
allows for the consideration of peculiarities in the actual delay distribution, including asymmetry, heavy tails, and clusters.
The following discrete set of values was used in the study:

74 € {0.5,1,15,2,3,4,5,6,7,10}, (10)

The values were selected based on an analysis of observations and expert judgment. They reflect the actual structure of
delays on SAB sections. The probabilities were manually set, with a maximum delay frequency of 1-3 minutes and a
probability of long (>7 minutes) delays of no more than 5%.

This paper applies a discrete approximation to reflect the realities of sites with a limited set of possible situations.

Figure 3 presents a histogram showing the empirical distribution of delays obtained through probabilistic modeling and
approximated by observed data.
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Empirical Distribution of Authorization Delays
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Figure 3.
Empirical Distribution of Authorization Delays.

Probability distribution:
e The maximum delay is approximately two to three minutes, which is the most frequently observed delay.
e Asignificant fraction is in the range of 1-4 minutes;
e A small but non-zero fraction constitutes rare, long delays of 7-10 minutes.

This type of distribution does not require symmetry or smoothness. It also does not require the existence of a
mathematical formula. This type of distribution describes the system's actual behavior, which makes it particularly valuable
for model validation.

The empirical distribution enables us to estimate both the average delay and its actual variation, the latter of which is
particularly important:

e Inschedule modeling;
e Timetable reliability assessment;
e Train buffer calculations.

Although empirical simulation often yields lower throughput than normal or exponential distributions, it is more
accurate.

An empirical distribution is a key tool for improving the accuracy of a SAB simulation model, particularly when the
system's behavior does not lend itself to a simple theoretical description. It reflects local characteristics, considers human and
organizational factors, and establishes a foundation for realistic scenario analysis [34]. Table 2 presents a summary table of
the distributions' parameters.

Table 2.
Summary table of distribution parameters.
Distribution type Average value of 7? Parameters Application characteristic
Normal 3.0 min u=30=1 Steady-state conditions and mean deviations
Exponential 2.5 min A=04 Unstable communication and long, infrequent delays
Empirical ~2.9 min Discrete set Approximation to real observations

These three distributions were chosen because a comparative analysis of models with different behaviors is necessary.
These behaviors range from symmetric and narrow (normal) to asymmetric and exponentially damped (exponential), as well
as those close to actual dispatch practices (empirical).

2.5. Simulation Model
A simulation model was developed and implemented in the AnyLogic environment using a discrete event approach to

evaluate the impact of stochastic delays on the throughput of a section with semi-automatic interlocking. The model's main
task is to reproduce the process of a train moving along a single-track crossing. This includes taking into account transit time,
waiting time for clearance, and stochastic delay t,, which is modeled by one of three distributions: normal, exponential, or
empirical (Figure 4).
The model simulates the following sequence of events:

e Release of the crossing by the previous train;

e The delay of the next train departure authorization is a random variable, 7.

e  Departure of the next train after authorization;

e Asection with a fixed time T,, is passed, after which the cycle repeats.
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Train Clears
Section

Permission
Request Sent

Stochastic
Delay 14

Permission
Received

Next Train
Departs

Train Traverses
Section T,

Figure 4.
Logic of the Simulation Model Considering Resolution Transfer Delay in SABs.

Thus, each cycle models one inter-train interval, which is calculated as follows: T, = (X t, + 74 + 7p) + 74 (Figure 5).

0 2 4 6 8 10 12 14 16 18
Time (minutes)

Figure 5.
Time diagram showing the delay 7, in sending two trains.

The average throughput of the section is calculated based on these data using Equation 2.
The main modeling parameters are presented in Table 3.

Table 3.
Modeling parameters.
Parameter Significance
Passage time 17 minutes (on average)
Lock type Semi-automatic
Number of trains in the experiment 2,000 trains
Time horizon 30 days (1,440 minutes per day)
Repeats of the experiment 10 runs per allocation
Type of modeling Discrete event approach

For comparison, simulations were run for each of the three delay distributions:
e Scenario 1: Normal distribution (stable operating environment);
e Scenario 2: Exponential distribution (unpredictable environment);
e Scenario 3: Empirical Distribution (Realistic Dispatching).
The model provides the following in the output:
e Array of train intervals;
e Statistics for each day (humber of trains per day);
e  Average throughput per scenario;
e  Graphs of distributions and densities.

The simulation model was implemented in the AnyLogic software environment using a discrete event approach. Train
movement was modeled as a sequence of events: release of the section, transfer of permission with a delay of t,, departure
of the next train, and passage of the train through the crossing in time T,.

Delays were modeled as random variables with specified distributions (normal, exponential, and empirical). For each
simulation, the total number of trains passing through the section in 1,440 model minutes (one day) was calculated and used
as an estimate of capacity.

2.6. Limitations and Assumptions of the Model

The developed model has a simplified structure that corresponds to the purpose of comparative analysis. However, to
expand its applicability, it is necessary to consider a number of limitations and assumptions:

1. Only one single-track crossing is modeled without considering the internal logic of stations, arrival systems, overtaking
maneuvers, and technological windows;

2. All trains are assumed to be homogeneous in terms of speed, length, priority, and transit time. In real conditions,
differences between passenger, freight, and special trains can significantly impact intervals;
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3. The influence of the external environment is not explicitly modeled. Factors such as weather anomalies,
communication failures, accidents, and repair work can significantly impact delays. However, they are summarized here as
a stochastic component, 7 ;

4. Although the technical time is average, it may vary in practice depending on the gradient, rail condition, braking
characteristics of rolling stock, and other factors.

5. Delays 4 are independent of previous events, which excludes the possibility of cascading effects typical of congested
traffic schedules;

6. Peak and off-peak intervals during the day are not considered; the entire time period is modeled as uniformly
congested. In reality, nighttime and daytime intervals may differ.

7. The model does not consider crossing intervals at split points, which are important on single-track sections. In reality,
a train may wait for an oncoming train, increasing the actual inter-train interval.

8. The model does not consider intervals of non-simultaneous arrivals, which is especially relevant when there are
restrictions on arrival and departure tracks.

These limitations define the bounds of the model's applicability but do not diminish its significance as an analytical tool
for assessing the influence of random factors on interval traffic control during SAB. In the future, the model can be adapted
for multi-track sections, hybrid interlocking systems, interaction with automated schedules, and consideration of external
factors such as weather and accidents. Thus, the presented approach serves as a basis for further research under real
operational constraints.

3. Results
The simulation model was implemented in the AnyLogic environment using a discrete event approach. The simulation
considered a railroad section with semi-automatic interlocking, where trains follow a single-track crossing and receive
permission to depart only after the previous train's arrival is confirmed.
The following input data were assumed in the modeling process:
e Technical time of passing the crossing: 17 minutes;
e Total modeling duration: 30 days;
e Modeling horizon: 1,440 minutes per day;
e Number of trains passing through the model: ~2,000 per scenario.
e The intervals between departures were generated based on the following:
e Normal distribution (u = 3,0 = 1);
e  Exponential distribution (A = 0.4, u = 2.5);
e Empirical distribution: Discrete set of 0.5-10 minutes based on observations.
The model was run 10 times for each scenario with different initial conditions (i.e., different random number generators).
Then, the average throughput value was calculated, and the statistical stability of the results was assessed.
Fluctuations in the final values did not exceed +1.5 trains per day, confirming the stability of the model and the accuracy
of the implemented approach.
Table 4 presents the calculated daily train throughput for different delay distributions. Additionally, the relationship
between the average delay, 7,4, and the final throughput of the section was plotted.

Table 4.
Estimated daily train throughput for different delay distributions.
Delay distribution Average delay Standard deviation Throughput capacity
(trains/day)
Normal u = 3,0 =1 3.0 1.0 64.0
Exponential 1 = 0.4 2.5 2.5 77.0
Empirical (discrete) 2.85 1.8 69.0

Figure 6 shows the expected decrease in throughput capacity with increasing average delay. This dependence is key to
risk assessment when organizing traffic on sections with semi-automatic interlocking.
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Impact of Average Permission Delay (t4) on Line Throughput Capacity
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Figure 6.

The dependence of throughput on the average delay 7, of resolution transmission.

Figure 7 shows a comparison of two probabilistic models of resolution transmission delays: the normal and exponential
distributions.
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Figure 7.

A Comparison of Normal and Exponential Distributions of Authorization Delays

The purpose of the analysis is to demonstrate how differences in statistical properties affect the interpretation of
reliability and capacity in sites with semi-automatic interlocking.

A normal distribution suggests that the most likely delay is three minutes, whereas an exponential distribution indicates
that most delays are brief, although there is a possibility of rare, large deviations.

A normal distribution has a symmetric «tail» that decreases sharply outside the interval u + 30.

The exponential distribution has an unbounded, long right tail, which reflects the possibility of rare but significant delays.

If modeling areas where communication failures or operator errors lead to significant delays of 5-10 minutes, the normal
model will underestimate them, whereas the exponential model will account for them.

A comparative analysis shows that the choice of delay distribution should correspond to the technological maturity and
stability level of the site infrastructure. Using only one model can result in systematic errors when estimating throughput and
schedule stability.

Therefore, this paper considers both distributions as alternative SAB operating scenarios, with the possibility of
transitioning to an empirical model based on real data.

Figure 8 shows a comparative histogram of the probability densities for the three types of resolution transmission delay
distributions.
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Comparison of Authorization Delay Distributions
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Figure 8.
Comparison of Authorization Delay Distributions (Normal, Exponential, Empirical).

In addition:
e The normal distribution is symmetric with a maximum at 4 = 3 min;
e Exponential: Asymmetric with a peak at zero and a long right tail;
e Empirical: Reflects real delay frequencies, including sharp jumps of two to three minutes and a small probability of
long delays.
The analysis shows that the type of delay distribution has a significant effect on throughput estimation:
e The normal distribution provides the most conservative estimate. It limits outliers and assumes predictable staff
performance.
e On the contrary, the exponential distribution reflects unstable operations and allows for rare but critically long delays.
However, due to the high density of short delays, the overall throughput is higher.
e The empirical distribution provides an intermediate result that is closer to reality. It takes into account the impact of
rare, long delays and the typical behavior of operational staff.
Therefore, relying solely on a theoretical distribution, especially a symmetric one, can result in overestimation or
underestimation.
The proposed approach enables flexible customization of the model for specific railroad sections and operating
conditions, such as climate, communication technologies, and human factors.

4. Discussion

The simulation results obtained in this study clearly demonstrate the significant influence of stochastic delays in
authorization transmission on the throughput of railway sections operating under semi-automatic interlocking (SAB) systems.
Unlike traditional modeling approaches, which treat such delays as constant or negligible, our model incorporates the
randomness of dispatch decisions as a variable dependent on a variety of factors, including human behavior, technical
readiness, procedural inconsistencies, and external conditions such as weather. This modeling perspective brings the
simulation closer to real-world railway operations, where schedule deviations often arise unpredictably.

The analysis of different delay distributions revealed that the statistical nature of dispatch delays directly affects the
minimum allowable interval between trains and, consequently, the achievable daily throughput. The normal distribution,
being symmetrical and concentrated around the mean, is representative of stable operating conditions and strict schedule
adherence. However, this distribution produced the most conservative estimate of capacity, approximately 64 trains per day,
reflecting the cautious nature of planning under stable yet inflexible scenarios.

In contrast, the exponential distribution simulates environments characterized by occasional severe delays but a high
probability of very short ones. This led to a maximum modeled capacity of 77 trains per day. Such a result, while optimistic,
highlights the operational risk that accompanies uncertainty, as the system becomes vulnerable to delay clustering or service
breakdown under stress. The empirical distribution, derived from field data, displayed irregularities such as outliers, skewed
tails, and jumps in delay frequency. This model yielded a realistic intermediate capacity of around 69 trains per day, offering
the most practical estimate for high-load corridors operating with limited automation and variable human input.

From a logistics perspective, the implications of these findings are substantial. Underestimating the stochastic nature of
dispatch delays can result in unrealistic schedules, inefficient allocation of rolling stock, increased operational buffers, and
ultimately, reduced reliability of delivery timelines. Conversely, overestimating capacity may lead to schedule congestion,
missed connections, and cascading failures throughout the supply chain, particularly in multimodal hubs where precise timing
is critical.

The developed modeling approach allows planners and dispatch operators to assess how delay variability influences
throughput and to determine an appropriate safety margin in timetables. It supports decisions related to freight train slotting,
resource distribution, and infrastructure load balancing, which are crucial for maintaining service levels in dynamic logistics
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networks. Moreover, the methodology provides a quantitative foundation for evaluating the potential benefits of digitalization
and automation, especially in corridors where SAB systems still dominate operations.

Despite its practical value, the model does present several limitations. It does not yet account for geometric complexities
such as gradients, curves, or station influence, nor does it simulate interactions with junctions, weather emergencies, or train
heterogeneity (e.g., fast vs. slow freight). Additionally, the dispatch delay (z;) is modeled as an independent stochastic
variable, whereas in reality, it may correlate with cumulative network delays, technical failures, or operational constraints.
These simplifications, however, do not detract from the model's utility as a robust starting point for more detailed simulations.

The flexibility of the approach also enables adaptation to other control systems. For example, with appropriate parameter
adjustments, the model can be extended to simulate automatic blocking systems, where delays are less stochastic, or radio-
based systems (ETCS, CBTC), where communication disruptions may be rare but critical. In the long term, the model may
serve as a bhasis for hybrid simulations that track the gradual transition from semi-automatic to digital systems.

Future improvements could include the integration of real-time statistical dispatch data, incorporation of node and multi-
track interactions, modeling of seasonally dependent disruptions, and creation of digital twins of key rail corridors.
Furthermore, an optimization module could be developed to evaluate trade-offs between capacity, schedule resilience, failure
sensitivity, and alternative dispatching policies. Such a tool would be of particular value to logistics managers, infrastructure
planners, and policymakers aiming to modernize rail operations while minimizing risk and maximizing efficiency.

Several previous studies have addressed railway capacity modeling using deterministic or semi-deterministic
approaches. For instance, Hansen and Pachl [35] proposed analytical methods for capacity assessment based on fixed block
systems and standardized intervals, but did not account for dispatch variability or stochastic behavior of control systems [35].
Similarly, Artan and Sahin [36] examined delay propagation using simulation tools, yet their focus remained on high-speed
and passenger-oriented systems with advanced automation, limiting applicability to freight-oriented semi-automatic networks
[36].

By contrast, our study uniquely contributes to the literature by focusing on semi-automated lines with manual
authorization systems, a configuration still prevalent in many post-Soviet and Asian countries. Moreover, the inclusion of
empirical delay distributions derived from field observations allows for a more realistic assessment of operational uncertainty
compared to models based solely on assumed distributions (e.g., normal or Poisson). While some recent works, such as those
by Yin et al. [37] have used stochastic modeling for urban rail or metro systems [37] their methodologies are not readily
transferable to freight corridors with long inter-train distances and different traffic dynamics [38, 39]. Therefore, our approach
fills a critical methodological gap and offers practical value for freight logistics planning in partially modernized railway
systems.

5. Conclusions

This study develops and implements a stochastic model for estimating the throughput capacity of a railroad section under
semi-automatic blocking, accounting for delays in permission-to-depart transmission as a random variable. Unlike traditional
deterministic approaches, the proposed methodology uses a probabilistic description of this key element of the train
movement process. The delay was modeled using three distributions: normal, exponential, and empirical, which allowed for
a comprehensive analysis of the impact of fluctuations on train intervals and, consequently, on the section's throughput
capacity.

The results clearly demonstrate that overlooking stochastic elements in dispatch procedures may lead to substantial
miscalculations in capacity planning, particularly in high-demand corridors where infrastructure is constrained. Depending
on the assumed distribution, the modeled throughput ranged from 64 to 77 trains per day. The empirical distribution, derived
from observed field data, yielded the most realistic estimate (approximately 69 trains), capturing the irregularities and
asymmetries inherent in semi-automated operations. These findings underscore the need for more data-driven and
uncertainty-aware approaches to timetable development, resource allocation, and dispatch strategy in freight logistics.

The proposed methodology offers practical value to railway operators, logistics planners, and infrastructure managers,
especially in regions where legacy dispatch systems are still prevalent. By adjusting the distributional parameters or
eliminating delay variability altogether, the model can be extended to simulate automatic and radio-based interlocking
systems. Furthermore, the ability to model stochastic delays supports more accurate assessments of schedule resilience,
operational risk, and infrastructure utilization under various disturbance scenarios.

Further research should aim to expand the model by integrating real statistical data, analyzing the combined effects of
weather and technical factors, and introducing multi-track and hub scenarios. The development of digital twins for SAB-
managed corridors, real-time virtual models capable of dynamic monitoring and forecasting, represents a promising direction
for both research and practical deployment. Collectively, these efforts provide a scientific and methodological basis for
improving the robustness, flexibility, and efficiency of railway logistics under constrained modernization conditions.
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