
AUTOMATED IDENTIFICATION OF
DELAY-GENERATING LOCATIONS FOR BUS

PRIORITY INTERVENTION PLANNING
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Abstract: Public transport systems face increasing pressure to improve reliabil-
ity under constrained infrastructure and limited investment capacity. Small-scale
bus priority interventions represent a cost-effective tool for improving operational
performance, yet their implementation requires reliable identification and prioriti-
sation of delay-generating locations. This paper presents a fully automated method
for spatial identification and quantification of delay formation in bus transport sys-
tems based exclusively on high-resolution AVL data. The proposed approach recon-
structs vehicle trajectories using a high spatial resolution vectorized road network
and map-matching, enabling continuous delay estimation along the entire route
rather than only at stops. Referential travel times are derived empirically from
historical data using a percentile-based approach, allowing delay quantification
independently of static timetables and accommodating heterogeneous operating
conditions. The method supports aggregation across multiple trips, lines, and cor-
ridors, providing a system-wide view of delay accumulation and its infrastructure-
related causes. The methodology is demonstrated on regional bus services. An
experimental evaluation of machine learning models as substitutes for referential
journeys indicates that, given the available data structure, AI-based approaches
fail to achieve meaningful predictive performance and cannot reliably replace the
proposed statistical reference. The presented method offers a scalable and robust
decision-support tool for prioritizing bus priority interventions and improving pub-
lic transport reliability using operational data already available to most transport
authorities.
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�Josef Nový; Czech Technical University in Prague, Faculty of Nuclear Sciences and Physical
Engineering, Trojanova 13, 120 01 Prague 2, Czech Republic, E-mail: josef.novy@cvut.cz

©CTU FTS 2025 101

mailto:schano@fd.cvut.cz
mailto:drahomir.schmidt@cvut.cz
mailto:josef.novy@cvut.cz


Neural Network World 6/2025, 101-122

1. Introduction

Transport is an integral component of a rapidly changing human society. For
the majority of the population, it offers broad and seemingly unlimited mobility
options. However, many cities today are characterized by the dominance of private
cars which, by their sheer numbers, collectively constrain mobility, reduce travel
speeds and safety, and increase air pollution and noise.

In particular, the problem of limited road infrastructure capacity is usually not
solvable, primarily due to existing urban layouts. It is evident that a balanced
and long-term financially, technically, and environmentally sustainable transport
system requires a symbiosis of private transport, public transport, cycling, and
walking.

Unfortunately, the global trend in public transport usage has been declining. [20]
report partially positive statistics suggesting a stabilization of public transport
modal share at approximately 11% in Western Europe and 16% in Eastern Europe.

Public transport has also been significantly affected in recent years by the
COVID-19 pandemic, which led to a critical loss of passengers. [14] reported a
decline of up to 80% in public transport ridership in Germany shortly after the pan-
demic. [3] later presented an overview of passenger recovery trends. By 2024, some
countries managed to approach pre-pandemic ridership levels. Germany reached
94% and the United Kingdom 90% while others have been recovering more slowly.
For example, Canada reached 83% and the United States only 77%.

Based on current developments, it is evident that public transport, if it is to re-
main competitive, requires targeted and systematic support. The literature clearly
shows that reliability is a critical factor of perceived public transport service quality
from the passengers’ perspective and that it significantly influences their satisfac-
tion and, indirectly, their loyalty ([2, 8, 11,17,19,24], among others).

Reliability can be effectively improved through the implementation of relatively
small-scale priority measures. However, the question of where and how to imple-
ment such measures in larger systems has been the subject of many studies whose
results are not always transferable. Limited transferability can be illustrated, for
example, by [25], who identified systematic accumulation of small delays over time
as a key issue in Wroclaw (Poland), while [22] found that the vast majority of
delays in Portland (USA) are concentrated upstream of major intersections.

Several authors (e.g., [15, 22, 27]) highlight the lack of studies utilizing high-
frequency GPS data for comprehensive and aggregated evaluation of multiple routes
(e.g., lines or trips) sharing the same corridor. Such analyses are essential for fully
automated evaluation of heterogeneous public transport systems.

This paper presents one such method – specifically, a fully automated approach
for monitoring public transport operations with the aim of identifying locations
with the highest potential for implementing priority measures and providing a
data-driven basis for their prioritization.

2. Literature Review

This paper focuses on bus priority interventions (BPI), i.e., small-scale interven-
tions in street geometry, stop placement, traffic signal plans, and similar measures
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that support public transport (often at the expense of private car traffic) or min-
imize interactions between buses and other traffic. Multiple types of BPI can be
combined along a single corridor, each targeting a different operational issue. Their
limited spatial extent and relatively low costs make them practically implementable
measures.

This focus is reflected in the analytical methods used in the literature. Some
studies concentrate on inter-stop segments (e.g., [18, 21, 26]), others on bus stops
themselves (e.g., [9]), and some specifically on signalized intersections (e.g., [16]).

Alternatively, several authors have examined specific priority measures, such as
the implementation of bus lanes [5] or dynamic signal control strategies [7].

Most existing systems are based on AVL (automated vehicle location) and APC
(automated passenger counting) data. However, many approaches rely on aggrega-
tion or clustering techniques that often fail to achieve the spatial resolution required
for precise localization of delay sources.

For example, [6] presented clustering of delay profiles in the Hague (NL) and
explicitly acknowledged that limited spatial resolution is a weakness of their ap-
proach, making it more suitable for macro-level analyses, identification of prob-
lematic routes, or inter-stop segments rather than precise localization. Similar
approaches were used by [25], who applied hierarchical agglomerative clustering in
Wroclaw (PL) to derive representative delay evolution profiles for individual clus-
ters, and by [13], who clustered hours of the day based on shared characteristics in
Istanbul (TR) to identify stops influencing average speeds at different times.

[4] and [1] proposed network-wide analyses with higher spatial resolution at the
level of individual city blocks. This was achieved by subdividing standard inter-
stop segments at major intersections, thereby increasing granularity for identifying
problematic locations.

High-frequency GPS data In recent years, several authors have demonstrated
the use of so-called high-frequency GPS data (sampling intervals ≤ 5 s), which
enable much more detailed analysis of vehicle movement ([12, 16, 23, 28], among
others).

High-frequency GPS data were used, for example, by [23]. Their method for
identifying delay sources on urban arterials is based on the analysis of average
speeds in the vicinity of predefined points of interest and on visualization tools
illustrating speed trends across a large number of trips. This approach allowed
to identify congestion locations and speed variability and directly relate them to
traffic elements such as intersections, pedestrian crossings, or bus stops.

AVL data were recorded at a fixed 5-second interval, which the authors lever-
aged by analysing the density of GPS points. Higher point density corresponded
to lower speeds, while lower density indicated smoother traffic flow.

Although this method provides very detailed spatial analysis, it also has several
limitations. Lower average speed does not necessarily imply the occurrence of delay.
A bus running slightly ahead of schedule may intentionally reduce speed to improve
passenger comfort and avoid early departure from the next stop. Furthermore, the
method requires a fixed GPS sampling frequency, which may not be guaranteed,
particularly in rural areas.
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Systems based on map-matching The use of high-frequency GPS data from
multiple vehicles often requires a shared reference network to which individual
records can be related. Combined with map-matching methods, this approach
can mitigate common urban effects such as noise, signal reflections, and positional
inaccuracies [10].

An interesting direction aimed at increasing spatial resolution is proposed by [1]
and [15]. On inter-stop segments, they define free-flow speed (i.e., an ideal vehicle
speed unaffected by any negative factors), which allows detection of deviations from
this idealized movement with significantly greater detail.

The potential of combining these approaches was demonstrated by [15] using
data from the Massachusetts Bay area (USA). His method enables high-resolution
speed analysis and classification of bus delays.

Delay on an inter-stop segment was defined as the difference between actual
travel time and free-flow travel time, defined as the 5th percentile of travel time
outside peak periods. This approach enables precise quantification of operational
delays; however, it also requires strict consistency in timetable planning through-
out the day. This limits applicability in systems employing adaptive timetable
strategies, such as extended running times during peak periods or scheduled dwell
time adjustments to stabilize delays. In other words, the method assumes a static
system and is therefore not fully compatible with the dynamic planning practices
used by many modern public transport operators.

As this review illustrates, existing methods provide highly detailed insights
into the operational reality of public transport. However, their application is often
limited to partial analytical studies or short-term experimental deployments.

The remaining challenge is therefore the transformation of these methods into
universal tools capable of supporting strategic decision-making.

3. Method

The design of an automated system for the spatial identification and quantification
of the impacts of individual locations on delay formation, together with its demon-
stration, was conducted using operational data from regional bus transport in the
Úst́ı nad Labem Region, Czech Republic (hereafter referred to as DÚK).

The method is structured logically according to the system design process, i.e.,
definition of requirements, data preparation, map-matching, and definition and
classification of delays.

3.1 Requirements and Assumptions

Based on the intended purpose of the system and constraints arising from its ap-
plication to regional bus transport, the following requirements were defined:

– the ability to operate with a variable network of routes and trips, primarily
due to request stops generating possible detours from the main route;

– the ability to handle variability in travel times between individual stops, al-
lowing for the inclusion of schedule recovery time or inclusion of extended
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travel times, as some delay-generating factors (e.g., traffic intensity) are con-
sistent throughout the day and cannot be considered permanent sources of
delay, but rather implicit characteristics of the operating environment;

– the ability to cope with inconsistent signal availability (both GNSS and data
transmission), as certain locations reduce the bus’s ability to report its posi-
tion due to limited capability to generate or to transmit current data;

– the ability to localize the origin of delays with high spatial resolution in
order to avoid false-positive identification, for example, in situations where
two intersections are in close proximity, and the generated delay could be
assigned incorrectly, thereby degrading the economic evaluation of proposed
measures;

– the ability to quantify generated delays for potential conversion into monetary
units and possible integration with APC systems;

– the ability to perform joint analysis across different routes and trips, including
sections with overlapping routes, in order to adequately evaluate the impacts
of individual locations on all buses within the public transport network;

– the ability to perform spatial and temporal analyses to enable the identi-
fication of potential additional factor interactions (e.g., linkage to weather
data);

– functionality based exclusively on AVL data.

3.2 Data Source

For the system design, data on the current position and operational status of the
DÚK vehicle fleet were used, collected directly from the public transport dispatch-
ing system. These data represent comprehensive, continuous, and centrally man-
aged information on all vehicles in operation.

The data were obtained through an API enabling data transfer from the DÚK
system to third-party applications. The interface is provided via the TCP protocol,
specifically using HTTP/HTTPS at the application level.

Data queries are issued every 5 seconds. However, this frequency cannot be
directly translated into a one-to-one temporal spacing between individual position
records. It is necessary to account for server load, the ability of buses to detect
and transmit their positions at a given location, and validation mechanisms that
check data integrity and detect errors. A valid new position record for an average
bus is received approximately once every 15–20 seconds.

3.3 Vector Map and Map-Matching

To reconstruct the spatiotemporal trajectories of individual buses, background vec-
tor maps (shown in Fig. 1(a)) were used to which individual position coordinates
were map-matched. This approach was chosen because of the variable frequency
of position detection, to increase the accuracy of derived variables such as segment

105



Neural Network World 6/2025, 101-122

speed, and to enable aggregation of multiple bus trajectories across the same road
network segments.

Since individual map segments (vectors) also inherit performance indicators of
buses, the length of these vectors determines the spatial resolution of the analysis
results. Within the proposed system, the maximum length of individual vectors
was set to 30 meters. On a line approximately 40 km long, this corresponds to
roughly 3,000 vectors per direction (with an average vector length of 10–15 meters),
enabling sufficiently high spatial resolution analysis.

(a)

(b)

Fig. 1 Route reconstruction using the map-matching method (a) and regional ref-
erence vector map with highlighted vectors of monitored routes (b).

To enable meaningful analysis of the entire public transport system, it was
necessary to generate a unified representation of the entire DÚK network by ag-
gregating data across all routes. This was achieved using a two-level vector map
structure (see Fig. 1(b)). The upper level contains all road infrastructure in the
region, while lower levels are created separately for each route as subsets of the
regional reference map. This structure allows individual route maps to be eas-
ily edited, added, or removed, for example, in response to route changes, without
requiring the exclusion of previously collected data from the analysis.

The process of map-matching is also designed as a two-level procedure.

First, all unique travel directions in the vicinity of the bus are detected, taking
into account position detection uncertainty. Subsequently, for each direction, the
closest bus position relative to the vectors in that travel direction is identified.
These positions are considered potential vehicle locations, and each enters a pairing
process with the subsequent detected valid position of the same vehicle. The most
probable position pair is then selected as the actual vehicle position.
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This approach ensures that the correct travel segment is identified even in com-
plex parts of the network. Without this procedure, situations such as stopping at
an intersection where the route branches could result in incorrect assignment to the
wrong branch due to positional uncertainty, leading to incorrect route identification
and incorrect calculation of subsequent KPIs.

The output of this step is a list of pairs of bus positions (start and end) and
parameters of the selected route between these positions (distance travelled, time,
segment speed, etc.). The fully reconstructed trip then serves as the input for
subsequent analyses.

For each travel direction, the vector map is enriched with a range of attributes
providing additional contextual information, simplifying search processes and en-
abling more detailed classification of generated delays. These attributes include,
among others, the presence and identification of bus stops, pedestrian crossings,
intersections (including their influence on bus movement, such as traffic signals
or yield requirements), railway crossings, and other monitored infrastructure ele-
ments.

3.4 Definition and Classification of Delays

To analyse bus movements from the perspective of delay generation, it was neces-
sary to extend the conventional definition of delay considering only temporal devi-
ations at stops relative to scheduled times. To define continuous delay at any point
along the entire route, a procedure similar to that proposed by [15] was adopted.
He computed reference times using so-called free-flow speed, derived from off-peak
runs unaffected by external influences (typically nighttime trips).

This study proposes an alternative approach for generating reference times using
the 5th percentile (lowest) of travel times through each vector over the previous six
months, calculated separately for each trip of each route. This ensures that each
trip has its own optimal travel profile, and that each analysed bus is compared
against a near-best achievable travel time for the given time of day.

Each bus is represented by a spatiotemporal trajectory, which is compared at
every traversed vector with the corresponding reference time. Two quantities are
recorded: (1) the absolute delay value, defined as the difference between the actual
time and its reference time, and (2) the change in delay on the vector, defined as
the difference in absolute delay between the current vector and the preceding one.
Both are computed in three variants: (a) for the full set of buses, (b) for the 50%
of the most delayed buses, and (c) for the 25% most delayed buses.

For each increase in delay, the number of stops affected by that delay is also
recorded. An illustrative example is shown in Fig. 2 below. This enables a clear
distinction between delays that are reduced again within the same inter-stop seg-
ment and delays that persist over a longer distance, thus affecting a greater number
of passengers. This can be observed in Fig. 2 by comparing the different colours
from yellow affecting only 1 bus stop to red affecting 10 bus stops and all passen-
gers getting off at those stops. Using this approach, it is possible to calculate the
number of affected stops or, when combined with an APC system, the number of
affected passengers for each individual delay increase.
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Fig. 2 Illustrative example of delay propagation along a trip segment; vertical grey
lines represent bus stops; yellow-red palette indicates the number of affected stops.

This method provides high spatial resolution and has strong potential for inte-
gration with APC systems (or historical manual passenger count data).

In the final identification of candidate delay-causing locations for corrective
measures, it is necessary not only to consider indicators such as generated delay
multiplied by the number of affected stops (or passengers), but also to focus on
locations that exhibit higher delay increases for already delayed buses. This allows
the identification of potentially lower-cost priority interventions.

3.5 Visualization of Results

The visualization of results introduces several additional challenges, particularly
related to readability and interpretability.

It is not practical to visualize delay increases using a linear scale, as the majority
of map vectors incur almost zero delay, whereas a very small number of vectors
account for most delay increases (typically less than 1% of vectors, predominantly
in the vicinity of stops or intersections). Low delay increases, which are nevertheless
important to visualize because of their cumulative effect, would be suppressed or
completely lost when using a linear scale.

For this reason, a logarithmic transformation was applied for data visualization,
allowing extremely small delays (on the order of seconds) to be displayed on the
same scale as very large delays (often hundreds of seconds).

To further improve clarity, a counterintuitive yet effective reduction of spatial
resolution was introduced for visualization purposes. This is motivated by frequent
cases where long route sections are mostly unproblematic, except for one or two
short vectors exhibiting extreme delay increases. When visualizing the entire route
(i.e., thousands of vectors), such isolated problematic vectors are difficult to detect,
and their actual impact on delay formation is hard to interpret visually.

To address this issue, a moving average approach was applied, maintaining a
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constant physical window size (50 meters) for visualization. This limits the min-
imum displayed unit without introducing undesirable distortion due to the loga-
rithmic scale. As a result, for example, a 30-second delay over a 20-meter segment
is visualized with a very similar colour to a 15-second delay over two consecutive
10-meter segments. This ensures a more balanced distribution of colours and line
widths and significantly improves interpretability at a higher-level view, without
compromising the underlying analytical resolution.

All automated analytical functions are, of course, performed on the original
data with higher spatial resolution.

3.6 Using AI as a Substitute for Referential Journey

The proposed method is fully functional; however, it requires a relatively extensive
amount of historical data to reliably construct and optimize the referential journey.
This requirement may impose limitations in situations such as timetable changes
or partial or complete realignments of a bus line’s route.

For this reason, an alternative approach based on AI methods was investigated.
The idea is to train models on existing lines and trips using sufficient historical data
and subsequently transfer the learned patterns to new routes until an adequate
database for constructing a referential journey is available.

In this framework, the models estimate either the expected traversal time of
individual segments or the expected delay. By monitoring deviations from these
estimates (residuals), an equivalent reference trajectory is obtained that automat-
ically adapts to changes in operating conditions.

Several model families were tested, including XGBoost, MLP, CNN, LSTM,
GRU, and transformer-based architectures. Each model family exhibits different
inductive biases and data requirements:

1. XGBoost (gradient boosted trees) – A strong reference baseline for tabular
data. It naturally accommodates heterogeneous features (categorical encod-
ings, temporal features, aggregated statistics). Sequential information must
be incorporated through feature engineering (e.g., previous delays, rolling
statistics over preceding segments, traffic state indicators). The model offers
fast training, good interpretability (e.g., via SHAP values), and robustness
to missing data.

2. MLP (multilayer perceptrons) – Suitable when well-prepared static and de-
rived features are available. Without specialized architectures, MLPs strug-
gle to capture long sequential dependencies; however, they perform well as
lightweight inference models or as components of ensemble systems. In this
study, MLPs served as the baseline model.

3. CNN (1D convolutions over sequences of segments) – Efficient in capturing
local patterns and computationally lightweight. Particularly suitable when
short-range local dependencies dominate system behaviour.

4. LSTM/GRU (recurrent neural networks) – A natural choice for modelling
long-range dependencies across multiple segments. GRUs offer a simpler ar-
chitecture and are often sufficient. Careful handling of masking and padding
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(due to variable-length journeys), normalization, and regularization (e.g.,
dropout) is required to prevent model drift.

5. Transformers (attention-based models) – Enable modelling of global depen-
dencies across entire journeys. They handle masking (e.g., missing segments)
and contextual information effectively but require larger datasets and careful
design of positional or relative encoding.

4. Results

The proposed system enables visualization of individual trips separately as well as
their aggregation for arbitrary combinations, ranging from single routes to entire
lines and up to the whole system. This section demonstrates the potential of
the presented method to identify specific elements of the transport network that
contribute to the accumulation of delay changes and thus indicate the need for bus
priority interventions.

Fig. 3 below presents an illustrative example of a signal-controlled intersection of
Duchcovská, Sklářská, and Buzulucká streets in the city of Teplice. Buses approach
this intersection from a minor approach. During the morning peak hours, a queue

(a)

(b)

Fig. 3 Visualization of bus passage through a signal-controlled intersection for trip
107 on line 488 during the morning peak period.
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of up to 250 meters regularly forms at this location. In addition to this approach-
related delay, independent delay generation can also be observed in the vicinity of
a nearby bus stop and a pedestrian crossing on Duchcovská Street.

Fig. 4 below shows another example of a complex intersection generating sig-
nificant delay increases. This case concerns the intersection of roads I/13 and I/30
near the town of Chlumec. The specific issue at this intersection lies in the insuffi-
cient length of the left-turn lane from road I/13 (northeastern approach) towards
road I/30 (southeastern approach). The queue of vehicles turning left blocks buses
intending to turn right. As a result, bus delays concentrate near the end of the
turning lane rather than at the right-turn movement onto road I/13 (southwestern
approach).

(a)

(b)

Fig. 4 Visualization of bus passage through an intersection for trip 106 on line 488
during the morning peak period.
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The figure also illustrates a problem in the opposite travel direction, specifically
during a left turn from road I/13 onto a minor road (a smaller intersection located
in the upper right part of the Fig. 4).

Fig. 5 presents the morning trip of line 452 passing through the city center of
Úst́ı nad Labem (travel direction from left to right), highlighting several problem-
atic locations (listed in the direction of travel): Divadlo bus stop, Hlavńı nádraž́ı
bus stop, the intersection of Velká Hradebńı and Hrnč́ı̌rská streets, and the signal-
ized intersection of Předmost́ı and Př́ıstavńı streets.

Fig. 5 Visualization of the passage through the city center of Úst́ı nad Labem for
trip 104 on line 452 during the morning peak period.

When analysing a larger number of trips and lines, their visualization within
a single map is straightforward. However, temporal information is partially lost
when multiple lines traverse the same road segment. This does not necessarily pose
a problem for analysis, as illustrated by Fig. 6 below, which aggregates delay-related

Fig. 6 Visualization of parameters for lines 450, 452, 453, 454, 458, and 488
during the morning peak period.
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parameters for all trips operating during the morning peak period (approximately
6:00–8:00) across six lines in the Úst́ı nad Labem area.

4.1 Statistical Overview

In addition to map-based outputs, the data can also be visualized using charts
referenced to the cumulative distance along individual lines. Figs. 7 and 8 below
present two excerpts illustrating the delay increases on two representative bus lines.
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Fig. 7 Visualization of trip 129 on line 454 during the morning peak period.
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Fig. 8 Visualization of parameters for trip 107 on line 488 during the period 2023-
09 (passage time between 06:19 and 08:08).

Vertical lines represent individual monitored elements; for the presented lines,
these include bus stops shown in blue and intersections shown in green. No railway
crossings or other monitored elements are present on the selected segments.

Delay change values are color-coded as follows: yellow represents average values
across all buses, orange corresponds to the top 50% of highest delay increases,
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and red indicates the top 25% of highest delay increases. This representation
makes it possible to distinguish whether specific locations generate small delays
affecting a large number of buses or, conversely, sporadically generate very high
delays affecting only a small subset of vehicles. Such differentiation is useful for
understanding the underlying mechanisms of the observed phenomena.

As shown in Fig. 7, the majority of generated delays can be attributed to the
monitored elements. These include moderate delays at the 3rd and 5th bus stops,
followed by a significant delay occurring around kilometer 26.5, which corresponds
to the approach to a shopping center via a signal-controlled intersection.

Fig. 8 presents statistics for a trip with multiple problematic locations. Even
in this case, most delays can be observed in the vicinity of monitored elements.
One noteworthy phenomenon appears around kilometer 8.25, where an increase in
delay occurs outside of the monitored elements (Fig. 9(a)). This corresponds to the
identification of frequent stopping outside designated bus stops. A substantial delay
increase can be observed around kilometer 10 at a signal-controlled intersection,
which was previously presented in Fig. 3. Another significant delay occurs around
kilometer 13 near the Teplice Main Railway Station bus stop, the details of which
are shown in Fig. 9(b).

(a)

(b)

Fig. 9 Identification of bus stopping outside a designated stop at km 8.25 (a) and
visualization of a problematic bus stop at km 13 (b).

Aggregated analyses across all lines further confirmed the stability of identified
delay patterns, but detailed system-level statistics are omitted here for brevity.

When examining aggregated values of DÚK system by individual categories, it is
evident that the majority of delays originate either at bus stops (accounting for 43–
46% with some lines reaching 67%) or at minor at-grade intersections (accounting
for 35–37%). The rest is at signal-controlled intersections (approximately 9.5% of
all delays and strongly dependent on the line route).
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Notably, across this relatively large sample of bus trips, almost no delays were
generated outside the monitored locations (i.e., outside bus stops, intersections,
and railway crossings). Only between 2.9% and 4.2% of all delays

4.2 Comparison of Alternative Methods to Substitute for
Referential Journey

As described above in Sec. 3.6. Using AI as a substitute for a referential journey,
the amount of historical data required to construct a statistically derived referential
journey may represent a limitation for the practical deployment.

The objective of this section was therefore to verify whether machine learning
methods can be used to replace the statistically constructed referential journey.

The target variable was defined as the change in delay within a given route
segment. The models were trained on historical trips and evaluated on a separate
validation set, which was split by routes to prevent data leakage between training
and validation (e.g., the same trip occurring at different times).

The primary evaluation metric was the coefficient of determination R2:

R2 = 1−
∑

i (yi − ŷi)
2∑

i (yi − y)
2 , (1)

where yi is the observed value, ŷi is the model prediction, and y is the mean of the
target variable in the validation set.

An R2 value of 0 corresponds to a trivial baseline model that always predicts
the mean, while negative values indicate performance worse than this baseline.

The optimization loop (Optuna) minimized the validation loss (mean squared
error). After each run, the corresponding R2 value was additionally computed to
improve interpretability.

For each model architecture (XGBoost, MLP, CNN, LSTM, GRU, Transformer),
a separate Optuna study was conducted. Within each study, combinations of hyper-
parameters were randomly sampled from predefined ranges, including the number
of layers, hidden representation sizes, dropout rates, window size, learning rate,
weight decay, batch size, gradient clipping, and model-specific parameters (e.g.,
XGBoost parameters). Each combination defined one trial consisting of:

1. generation of a specific hyperparameter configuration,

2. training of the model on the training dataset,

3. evaluation of the validation loss and computation of R2,

4. logging of results in Optuna and optional pruning of underperforming trials.

Approximately 1,200 trials were executed for each architecture. The resulting
score for each trial, as well as the optimization trajectory, can be seen in Fig. 10.

Optuna also computed hyperparameter importance (feature importance in the
hyperparameter space), providing an estimate of how strongly individual hyperpa-
rameters influenced the final validation loss.

115



Neural Network World 6/2025, 101-122

Fig. 10 Optimization trajectory of the hyperparameter tuning process for the tested
models.

The importance of individual hyperparameters can be effectively illustrated
using importance plots, which reveal several common trends across models. For
architectures based on sequential models (LSTM, GRU, Transformer, and par-
tially also MLP and CNN), the most important hyperparameter was almost always
num layers, i.e., the number of layers. For LSTM models, their relative importance
reached approximately 0.4, while for GRU and Transformer models it ranged be-
tween 0.2 and 0.4.

The second key parameter was grad clip, i.e., the gradient clipping threshold,
particularly for LSTM and GRU models. This confirms that training these models
is prone to exploding gradients and that optimization stability has a substantial
impact on model performance. The window size parameter (length of the temporal
window or sequence) also played a significant role: windows that were too short
failed to capture sufficient context, while excessively long windows reduced training
stability and increased memory requirements. Across all neural models, sensitivity
to learning rate and weight decay (L2 regularization) was also observed, although
their relative importance was lower than that of the number of layers and gradient
clipping.

For convolutional neural networks (CNNs), the dominant hyperparameter was
cnn layers, i.e., the number of convolutional blocks, with a relative importance
of approximately 0.38. Additional influential parameters included base channels,
defining the width of convolutional layers, as well as learning rate and weight decay.
This indicates that for CNNs, model capacity—represented by the number of lay-
ers and channels—is critical. Models that are too small fail to capture sufficiently
complex patterns, while excessively large models tend to suffer from poorer gener-
alization and reduced training stability.

For the tree-based XGBoost method, the most important hyperparameter was
window size, which determines how large a portion of the trip is included in a
single sample. Other key parameters included xgb max depth, xgb learning rate,
and xgb subsample, reflecting the well-known sensitivity of XGBoost to tree depth,
learning rate, and subsampling rate. These parameters strongly influence whether
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the model can adequately capture data structure without overfitting. The overall
score for all tested architectures can be seen in Fig. 11.

XGB architecture MLP architecture

LSTM architecture GRU architecture

CNN architecture Transformers architecture

Fig. 11 The importance of individual hyperparameters for each model architecture.

Achieved results of alternative methods The achieved results indicate that
none of the tested architectures reached a clearly positive value of the coefficient of
determination R2 on the validation dataset. The best performance was achieved by
XGBoost, with R2 ≈ 0.0051, i.e., only marginally better than the trivial baseline
corresponding to predicting the mean value of the target variable. Sequential neural
models GRU, LSTM, and Transformer reached their best R2 values in the range
of 10−4 to 10−5 (GRU ≈ 0.00053, LSTM ≈ 0.00007, Transformer ≈ 0.00007) and
thus were practically unable to capture a substantial portion of the variability of
the target variable.
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Even worse results were obtained by the MLP and CNN models, which ex-
hibited extremely negative R2 values (CNN ≈ −8, 101; MLP ≈ −293, 892). Such
strongly negative R2 values indicate that even the best-found configuration per-
formed significantly worse than the trivial mean-based model. These points either
to a systematic issue in model setup (e.g., inappropriate scaling of the target vari-
able, an unsuitable loss function, or an error in the inference pipeline) or to a strong
tendency toward divergent training (predictions drift far outside a realistic range).
Regarding practical applicability, none of the tested models achieved a level of
performance that would allow the referential journey to be reliably replaced.

Evaluation of the use of AI The results suggest that, given the current form
of the data and their representation, the signal explaining delay formation at in-
dividual route segments is very weak compared to noise and unobserved factors.
One of the main reasons is likely the absence of key explanatory variables such as
real-time traffic conditions, incidents and sudden road closures, current weather
conditions, vehicle occupancy, operational dispatch interventions, or driver identi-
fication. These factors may account for a substantial portion of delay variability,
yet they are not reflected in the available data at all.

The situation is further complicated by the heterogeneity of routes, which a
single shared model attempts to cover across different lines, operating regimes
(peak vs. off-peak, weekdays vs. weekends), seasonal effects, and segment-specific
characteristics. This significantly hinders the learning of stable and transferable
patterns. In the case of models with extremely negative R2 values, an additional
contributing factor may be a combination of aggressive training dynamics (e.g.,
excessively high learning rates or insufficient gradient clipping) and inappropriate
scaling or transformation of the target variable.

The hyperparameter analysis further indicates that the models are highly sensi-
tive to architectural settings, particularly the number of layers and the length of the
input sequence. Despite systematic exploration of the hyperparameter space using
optimization techniques, no substantial improvement in performance was achieved.
This suggests that the limiting factor is not merely the choice of architecture or its
parameters, but primarily the quality and informational content of the input data.

The experiment involving intensive hyperparameter tuning with Optuna demon-
strated that the tested models (XGBoost, MLP, CNN, LSTM, GRU, Transformer)
are not capable of achieving useful predictive accuracy under the current setup.
The best-performing model, XGBoost, improves upon the trivial mean-based base-
line only by a few per mille, which is negligible from a practical standpoint. More
complex neural architectures additionally exhibit highly unstable behaviour and,
without the inclusion of more informative input variables and more careful control
of the training process, provide no tangible benefit for this task.

It therefore follows that, in their current form, artificial intelligence methods
are not capable of replacing the referential journey. Their realistic application at
this stage is rather supplementary. They may theoretically serve, for example,
as support for simpler statistical models (e.g., average segment-level delays over
a defined period) or as tools for detecting coarse anomalies.
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5. Discussion

This article demonstrated the potential of the proposed method to simply and
efficiently identify problematic locations and to provide adequate evidence for their
prioritized mitigation. The reader may have noticed that, in contrast to some of the
systems discussed in the literature review, trajectory smoothing techniques were
not applied. Given that the identification of problematic locations is primarily
based on aggregating data from dozens of vehicle passages and from broader areas
of influence of the monitored road network elements, an adequate level of high
spatial resolution was nevertheless achieved even without smoothing individual
trajectories, and with a significantly simpler algorithm.

It should be noted, however, that the potential for further improvement remains.
Trajectory smoothing can be applied both in the distance–time domain and in the
spatial domain, considering the vertical and directional characteristics of the vehicle
route based on the underlying vector map. Such an approach offers the potential
to substantially increase spatial resolution and to enable evaluation at the level of
individual trips. At the same time, it is necessary to consider the variability in
position detection accuracy at certain specific locations within the network.

With this limitation in mind, one of the next steps in the development of the
platform will be the interpretation of position detection frequency. It must be
acknowledged that fluctuations in position detection frequency are not spatially
random and tend to cluster at specific locations, which affects the local validity
of the results. Future inclusion of spatial trajectory smoothing is expected to
significantly mitigate this issue.

In terms of quantifying impacts, the presented system currently operates at
the level of delay per vehicle. This limitation arises because automatic passenger
counting (APC) is not deployed system-wide within the DÚK network, and thus
the system cannot yet be linked to universally available occupancy data. However,
historical data from manual passenger counts are available for selected demonstra-
tion lines and can serve as a substitute for a network-wide APC system.

The system can also be integrated with a range of additional data sources.
A particularly promising extension would be the attribution of delays to individ-
ual bus drivers, which would allow for a comprehensive assessment of individual
performance and the identification of a potentially small subset of drivers dispro-
portionately contributing to higher levels of delay.

The experimental application of machine learning tools proved unsuccessful for
the purpose of replacing the referential journey. As a result, the method continues
to rely on a robust historical database. From the authors’ perspective, this does
not constitute a significant barrier to deployment, as priority interventions should
not be implemented on segments with recent changes. Waiting for sufficient data
naturally coincides with the period required for traffic conditions to stabilize.

Alternatively, the method may be applied to segments with a more limited
database, while progressively monitoring improvements in the accuracy of the re-
sults over time. Given the stability observed in most transport systems of this
scale, even a smaller historical data set (e.g., 3 or 2 months instead of the 6 months
used here) is expected to function adequately.
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6. Conclusion

This paper introduced a fully automated method for the spatial identification and
quantification of delay formation in bus transport systems, designed to support the
prioritisation of bus priority interventions. The approach operates exclusively on
AVL data and is applicable to heterogeneous regional bus networks.

By combining a vectorized road network, map-matching, and empirically de-
rived referential travel times, the method enables continuous delay estimation along
the entire route rather than only at stops. This allows both precise localization
of delay-generating infrastructure elements and aggregation of their impacts across
multiple trips, lines, and corridors. The results demonstrate that the proposed sys-
tem consistently identifies critical locations, such as stops and intersections, that
account for a substantial share of accumulated delays.

An experimental evaluation of machine learning models as substitutes for sta-
tistically derived referential journeys showed that none of the tested architectures
achieved sufficient predictive performance. These findings indicate that, given the
current data structure, delay variability is largely driven by unobserved operational
factors and system heterogeneity, making reference-based statistical approaches
more robust and reliable for this task.

Overall, the proposed method provides a practical, scalable, and data-efficient
tool for transforming high-resolution operational data into actionable insights for
strategic planning and prioritisation of public transport interventions.
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