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Abstract

This study examines the potential effect of hypothetical Urban Air Mobility (UAM) demand
redistribution on congestion and signalized intersection performance in the urban envi-
ronment of Topol'¢any, Slovakia. Based on a calibrated microsimulation model, scenarios
involving the redistribution of a portion of ground traffic demand away from the road
network were analyzed at 30% and 50% during the morning peak period. The evaluation
focused primarily on travel times and intersection load. The results indicate that a moderate
reduction in ground traffic demand leads to a significant reduction in travel times and
traffic intensity. The most substantial improvement was observed in the 30% redistribution
scenario. In comparison, a further increase to 50% did not yield proportional benefits,
suggesting a nonlinear threshold effect in the transport system’s performance. It should
be emphasized that the UAM scenarios in this study do not represent a full operational
simulation of Urban Air Mobility, including aerial corridors, vertiports, waiting times,
intermodal transfers, or airspace capacity. Instead, they represent demand redistribution
scenarios used to evaluate the response of the existing signalized road network to reduced
ground traffic demand. The study identifies limitations arising from simplified model
assumptions and the absence of broader environmental, operational, and social consid-
erations. Nevertheless, the findings show that even a moderate reduction in road traffic
demand, potentially associated with future multimodal mobility concepts, can contribute
to improved traffic efficiency in congested urban networks.

Keywords: Urban Air Mobility; microsimulation; signalized intersections; travel time;
traffic congestion; Smart City; urban mobility

1. Introduction

Urban mobility in contemporary cities is facing increasing challenges, including rising
traffic volumes, intersection congestion, and the ongoing need to implement more efficient
and sustainable solutions in transport infrastructure and traffic management systems [1,2].
These factors, combined with rapid urbanization and increasing urban density, lead to
longer travel times, growing traffic congestion, and an overall decline in quality of life
in cities [3,4]. In this context, the Smart Cities concept is gaining increasing importance
as a comprehensive framework that leverages digital technologies, data-driven planning,
and innovative mobility solutions to enhance the efficiency and sustainability of urban
systems [5,6].
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One of the key pillars of the Smart Cities concept is the integration of intelligent mobil-
ity solutions that can respond to dynamically changing traffic demand while minimizing
the negative impacts of conventional ground transportation [7]. In this context, Urban
Air Mobility (UAM) represents a promising new layer of mobility that enables bypassing
congested road infrastructure by using airspace. Its implementation requires advanced
transport and information systems to ensure route planning, movement coordination, and
integration with other modes of transport [8]. By redirecting a portion of traffic demand
into the airspace, UAM can contribute to reduced travel times, lower traffic load, and
improved quality of life in urban areas. Previous research has focused on the technical, op-
erational, and regulatory aspects of UAM, as well as its synergy with Smart City strategies,
particularly in terms of reducing congestion and emissions and supporting multimodal
integration [9-11].

Despite these findings, there remains a need for a quantitative evaluation of UAM’s
impact in specific urban conditions, particularly in areas with persistently high traffic loads.
This paper builds on previous research focused on optimizing transport infrastructure and
signal control plans at five key intersections in the city of Topol'¢any [12]. The aforemen-
tioned research employed a calibrated microsimulation model developed in Aimsun 8§,
based on data collected via video detection and automated traffic counting. Despite the
implemented optimization measures, traffic congestion during the morning peak period
remained a significant issue.

Although existing studies provide important knowledge on UAM technologies,
airspace organization, passenger acceptance, environmental impacts, and multimodal
integration, fewer studies directly quantify how a hypothetical shift in part of urban
travel demand away from the road network affects conventional road traffic parameters at
the intersection level. In particular, the relationship between different levels of demand
redistribution and nonlinear changes in travel time at signalized intersections remains
insufficiently explored. This creates a research gap between broad conceptual UAM studies
and detailed traffic-engineering analyses of urban road network performance. The present
study addresses this gap by using a calibrated microsimulation model to evaluate how
selected levels of hypothetical UAM-related demand redistribution influence travel times
and traffic load at signalized intersections.

The present study therefore extends the previously published assessment of the same
urban road network by examining how the analyzed signalized intersections respond to
hypothetical reductions in ground traffic demand. While the previous study focused on the
evaluation of existing traffic conditions and the optimization of signal control, the present
paper investigates whether a nonlinear threshold effect can be observed when part of the
traffic demand is redistributed away from the road network [12].

In this study, Urban Air Mobility (UAM) is not modeled as a complete operational
aerial transport system. The analysis does not include aerial corridors, vertiport locations,
airspace capacity, passenger access and egress, waiting times, or intermodal transfer pro-
cesses. Instead, UAM is used as a conceptual demand redistribution mechanism. Two
hypothetical scenarios were created in which 30% and 50% of ground traffic demand were
removed from the analyzed road network. This approach makes it possible to evaluate
the sensitivity of the existing signalized road network to different levels of reduced traffic
demand and to identify whether further reductions continue to generate proportional
improvements in traffic performance [13].

The simulation results demonstrated that partial implementation of UAM leads to
a significant reduction in travel times and intersection load. The most pronounced im-
provement was observed at a 30% UAM share, whereas increasing to 50% did not yield
proportional benefits, suggesting a threshold effect in intersection performance. At the same
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time, the reduction in ground traffic intensity leads to lower exposure to traffic interactions,
suggesting potential indirect safety benefits, such as reduced conflict situations.

The aim of this study is to evaluate the response of the analyzed signalized road
network to hypothetical traffic demand redistribution associated with the potential future
role of UAM within a Smart City transport system. The specific objectives are:

e  to analyze the acquisition, processing, and utilization of traffic data within modern
information systems in the transport planning process,

e to quantify the reduction in travel time resulting from the partial implementation
of UAM,

e toidentify the level of traffic load at which UAM achieves the highest efficiency,

e  tovisualize traffic impacts through simulation outputs,

e tosupport data-driven decision-making within Smart City initiatives.

To verify these objectives, the following hypotheses were formulated:

e Hypothesis 1: A hypothetical redistribution of part of the ground traffic demand to
an alternative UAM layer leads to a measurable reduction in travel time at signalized
intersections during peak traffic periods.

e  Hypothesis 2: Increasing the hypothetical redistribution of ground traffic demand from
30% to 50% leads to further proportional improvement in intersection performance.

2. Materials and Methods

This chapter describes the process of traffic data collection, the development and
calibration of the microsimulation model, and the methodology for scenario creation,
through which Urban Air Mobility (UAM) was integrated into the study’s analytical
framework. It also addresses the approach to estimating travel times. It justifies the
analysis’s focus on peak traffic periods, which represent the most critical conditions for
transport system performance.

2.1. Study Area and Traffic Survey

The study focuses on three selected signalized intersections in the city of Topol'¢any
(Slovakia), which were identified as key nodes of the urban transport network due to their
traffic importance and impact on traffic flow. These intersections were selected from an
original set of five analyzed locations. One of the excluded intersections serves exclusively
pedestrian traffic and was therefore not included in the analysis of traffic flow redistribution.

The selected intersections are located on major transport corridors and play a signifi-
cant role in urban mobility. Intersection No. 1 is dynamically controlled, with signal phase
lengths adaptively adjusted based on data from a vehicle detection system. In contrast,
intersections No. 2 and No. 3 operate using fixed-time signal control plans [14].

A specific feature of intersection No. 3 is the closure of one incoming approach due
to a one-way street, which affects the distribution of traffic flows and the potential for
redistribution. This configuration provides suitable conditions for comparing intersection
performance under different UAM implementation scenarios. The spatial arrangement
of the analyzed intersections and their interconnection within the transport network is
illustrated in Figure 1.
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Figure 1. Surveyed area, based on OpenStreetMap.

The survey covered both the morning and afternoon peak periods and off-peak hours,
with measurements conducted under favorable weather conditions. Data collection was
performed using camera-based video detection systems installed at each analyzed intersec-
tion. This approach enabled recording traffic intensity, vehicle categories, and movement
directions. Video detection is currently a standardized, widely used method for traffic data
collection, serving as a basis for evaluating the performance of transport infrastructure and
as an input component of transport information systems [15,16].

To ensure accurate and comprehensive data collection, each intersection was equipped
with dedicated entry and exit gates for individual traffic lanes (Figure 2). This setup enabled
precise measurement of traffic flow intensity and classification of vehicles into passenger
cars, heavy vehicles, and public transport vehicles. The resulting dataset served as a key
input for the development and calibration of the microsimulation model. It formed an
integral component of the transport information system used in the analysis.

Figure 2. Entry and exit points.
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2.2. Simulation Model Development

The simulation model was developed using the microsimulation software Aimsun
8, which is among the leading tools used for planning and modeling urban transport
systems [17-19]. Input data included traffic volumes, vehicle classification by type, turning
movements, and signal control plans for each analyzed intersection. These data were
obtained from a detailed 13-h traffic survey.

Model calibration was carried out based on measured travel times along predefined
sections between individual intersections [20,21]. In the simulation environment, ref-
erence sections corresponding to real distances within the analyzed area were created.
Subsequently, observed travel times were compared with simulated values, and model
parameters, particularly vehicle speeds, were iteratively adjusted to minimize differences
between the simulation and real-world conditions. This procedure ensured sufficient model
accuracy in reproducing the current traffic situation.

The calibration process also accounted for delays at intersections and interactions
between vehicles, especially when vehicles stop at traffic signals. Although the microsim-
ulation approach cannot fully capture the complexity of driver behavior, it provides a
sufficiently reliable estimate of travel times suitable for evaluating traffic scenarios.

A graphical representation of the modeled road network in the Aimsun environment
is shown in Figure 3. The visualization highlights key segments, signalized intersections,
and the overall structure of the transport system used in the analysis.

Figure 3. Road infrastructure created in Aimsun 8.

The final calibrated model achieved a satisfactory level of agreement with the measured
travel times, ensuring the reliability of subsequent analyses of the individual simulation scenarios.

2.3. Scenario Development

To evaluate the traffic-engineering effect of a hypothetical Urban Air Mobility (UAM)-
related demand redistribution, two demand reduction scenarios were developed in addition
to the baseline simulation. The baseline scenario represents the existing traffic conditions
without any redistribution of ground traffic demand. The two additional scenarios represent
hypothetical situations in which a selected share of trips is no longer performed by ground
vehicles within the analyzed road network.

e  Scenario 1: A 30% reduction in ground traffic demand within the analyzed road network.
e  Scenario 2: A 50% reduction in ground traffic demand within the analyzed road network.

The selected 30% and 50% levels do not represent a forecast of actual UAM adoption.
Instead, they were defined as hypothetical sensitivity levels representing moderate and
high reductions in ground traffic demand. The 30% scenario was used to evaluate whether a
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partial reduction in road traffic demand is sufficient to produce a measurable improvement
in intersection performance, while the 50% scenario was used to test whether a substantially
higher reduction produces proportional additional benefits. This design supports the
identification of a possible nonlinear threshold effect in the analyzed road network.

In both scenarios, the existing ground traffic volumes were proportionally reduced in
the microsimulation model. This reduction was used to represent the assumed effect of a
partial modal shift to an alternative aerial mobility layer. However, it should be emphasized
that this approach does not represent a complete operational simulation of an Urban Air
Mobility system. The model does not include aerial corridors, vertiport locations, vertiport
capacity, airspace capacity, passenger access and egress times, waiting times, intermodal
transfer processes, operating costs, or different propulsion and fuel systems.

Therefore, the scenarios should be interpreted as hypothetical demand redistribution
scenarios rather than as a full multimodal UAM simulation. The purpose of this approach is
to evaluate how the existing signalized road network responds to selected levels of reduced
ground traffic demand and to identify whether the relationship between traffic demand
reduction and travel-time improvement is proportional or nonlinear.

This methodological simplification was selected because the primary objective of the
study is not to design or optimize a complete UAM transport system, but to assess the
response of the road network under different demand reduction levels. In this context,
UAM is used as a conceptual demand redistribution mechanism, while the main traffic-
engineering focus is the identification of a possible congestion threshold effect in the
analyzed signalized intersections.

2.4. Determination of Travel Times

For each scenario, the average travel times across the selected intersections were
determined from the microsimulation model outputs in the Aimsun environment. Travel
time included both actual driving time and delays occurring at signalized intersections,
thereby reflecting the combined influence of traffic flow conditions, traffic demand levels,
and signal control strategies.

The average travel time was calculated as the arithmetic mean of travel times recorded
for individual vehicles passing through the analyzed section, ensuring a representative
evaluation of overall traffic performance. This calculation approach allows for consistent
comparison between different simulation scenarios and serves as a fundamental indicator
of transport system efficiency (see Equation (1)):

- 1
b= *27:1 ti @)
n
where

° ; represents the average travel time;
e {;is the travel time of the i-th vehicle;
e 1 is the total number of vehicles included in the analysis.

For comparison purposes, the reference travel time for Urban Air Mobility (UAM)
was estimated based on the direct distance between the analyzed points and the assumed
operational speed of UAM, according to Equation (2):

d
tuam = = (2)

where

e d represents the distance of the transport corridor;
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e visthe assumed operational speed of UAM.

This travel time was assumed constant across all scenarios, thereby providing a
reference framework for comparing UAM performance with ground transportation under
different traffic loads.

Such a defined methodological approach enables quantitative comparison of indi-
vidual scenarios while also supporting the use of simulation and transport information
systems in evaluating the efficiency of urban transport operations.

2.5. Selection of Peak Hour Periods

Although the traffic survey covered a 13-h period, this study focuses on the morning
peak interval, which represents the most critical conditions for transport system perfor-
mance. This period was selected based on observed traffic conditions, as it exhibited the
highest levels of congestion, queue formation, and delay. At the same time, the morn-
ing peak reflects a stable, recurring demand pattern, making it suitable for consistent
comparison across different simulation scenarios.

Focusing on peak conditions allows the transport system to be evaluated under
maximum load, where vehicle interactions, queue spillbacks, and signal-related delays
are most pronounced. Under such circumstances, even small changes in traffic demand
can lead to significant variations in system performance. Therefore, the redistribution of
a portion of traffic demand to Urban Air Mobility (UAM) has the greatest potential to
produce measurable improvements in traffic flow and reductions in travel time.

This approach differs from previous studies of the analyzed area, which used aggre-
gated daily data to evaluate traffic conditions. While daily averages provide a general
overview of traffic performance, they tend to smooth out short-term fluctuations and may
underestimate the severity of congestion during peak periods. In contrast, an analysis
based on time-specific intervals enables a more detailed examination of system behavior
under critical conditions. It allows for a more accurate assessment of the effectiveness of
the proposed measures.

From the perspective of transport information systems, this approach supports the use
of time-dependent data. It facilitates the design of adaptive traffic management strategies to
optimize system performance during periods of high demand. Such strategies are essential
for improving the efficiency and reliability of urban transport systems, particularly in Smart
City applications, where real-time data and dynamic control are key to decision-making.

The measured corridor distances between the analyzed intersections and their selected
entrance points, which were used for the calculation of reference UAM travel times, are
summarized in Table 1.

To ensure comparability, the travel time for Urban Air Mobility (UAM) was calculated
using a constant speed along the defined routes. In contrast, travel times for ground
transportation were obtained directly from the simulation outputs. The subsequent analysis
compares the baseline condition with scenarios with 30% and 50% UAM shares during the
morning peak period.

Although the original 13-h traffic survey also covered off-peak periods, the hypo-
thetical demand redistribution scenarios in the present study were evaluated only for the
morning peak period. This choice was made because the morning peak represents the most
critical operating condition of the analyzed network, when traffic demand is closest to the
capacity of the signalized intersections and nonlinear congestion effects are most likely to
occur. Off-peak periods generally operate under lower traffic demand and are less likely to
produce comparable threshold behavior. Nevertheless, a systematic comparison between
peak and off-peak regimes was not included in the present study and is recognized as a
limitation. Future research should extend the analysis to multiple daily periods in order to
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determine whether the observed threshold effect also occurs under lower traffic demand
conditions [12].

Table 1. Measured distances.

From Intersection + Entrance To Intersection + Entrance Distance [m] Average [m]
3+A 712.94

tea 3+D 702.79
3+A 755.95

e 3+D 745,81 74621
3+A 784.95

b 3+D 774.80
1+A 896.39

3+A 1+C 884.55
1+D 875.03
1+A 905.94

3+C 1+C 894.09 851.95
1+D 884.58
1+A 786.72

3+D 1+C 774.87
1+D 765.35

3. Results

This section presents the results of the microsimulation analysis for the baseline
scenario and for two hypothetical demand redistribution scenarios. The evaluation focuses
on changes in vehicle counts and average travel times during the morning peak period.
The baseline scenario represents the existing traffic conditions without redistribution of
ground traffic demand, while the 30% and 50% scenarios show how the analyzed signalized
road network responds to selected levels of reduced ground traffic demand. The results
are presented separately for each scenario and subsequently interpreted in relation to the
observed nonlinear threshold effect.

3.1. Baseline Scenario (0% UAM)

The baseline scenario, which relied exclusively on ground transportation, exhibited
significant delays and long travel times. These conditions reflect a heavily loaded transport
system, where increasing traffic demand leads to congestion formation, reduced traffic flow
efficiency, and prolonged delays at signalized intersections. The accumulation of vehicles
in the network further intensifies these effects, particularly during peak periods when
demand exceeds the infrastructure’s operational capacity.

In addition to extended travel times, the baseline scenario also revealed considerable
variability in traffic conditions across different time intervals. Signal control strategies, un-
even traffic distribution, and interactions between vehicle streams at intersections primarily
influence this fluctuation. Such variability indicates an unstable traffic environment, where
minor disturbances can lead to disproportionate increases in delay and queue formation.

Table 2 summarizes the development of travel times and traffic intensity during the
morning peak period.
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Table 2. Baseline condition.
From Intersection 1 to Intersection 3 From Intersection 3 to Intersection 1

Time Interval Vehicle Count Travel Time [s] Time Interval Vehicle Count Travel Time [s]
6:30:00 5.68 156.98 6:30:00 5.08 124.27
6:35:00 7.28 154.06 6:35:00 2.30 169.93
6:40:00 8.08 145.94 6:40:00 4.46 127.66
6:45:00 5.32 144.93 6:45:00 4.96 104.48
6:50:00 7.44 159.34 6:50:00 422 125.63
6:55:00 13 161.18 6:55:00 6.98 124.35
7:00:00 14.12 176.06 7:00:00 9.00 160.50
7:05:00 13.16 185.92 7:05:00 5.10 90.26
7:10:00 13.2 172.26 7:10:00 12.37 150.37
7:15:00 9.6 148.32 7:15:00 9.17 96.50
7:20:00 14.16 174.59 7:20:00 10.06 130.59
7:25:00 18.24 206.95 7:25:00 8.16 137.87
7:30:00 19.68 224.45 7:30:00 14.03 196.61
7:35:00 18.2 228.72 7:35:00 12.01 138.53
7:40:00 16.76 203.59 7:40:00 4.99 102.70
7:45:00 16.48 230.23 7:45:00 10.37 144.46
7:50:00 13.6 164.63 7:50:00 11.13 111.11
7:55:00 13.08 173.25 7:55:00 15.72 137.63

Vehicle count is the average number of vehicles per interval across multiple simulation
replications.

The results indicate a high level of traffic congestion, with travel times in the direction
from intersection 1 to intersection 3 exceeding 170 s in many intervals and reaching peaks
above 220 s. At the same time, high traffic intensities were recorded, in some cases exceeding
20 vehicles per 5 min, indicating congestion. The summary values are presented in Table 3.

Table 3. Summary of the baseline condition.

From Intersection 1 to Intersection 3 From Intersection 3 to Intersection 1
Vehicle count 227.08 Vehicle count 150.11
Average travel time 178.41 Average travel time 131.86

The average travel time reached 178.41 s in the 1 — 3 direction and 131.86 s in the
opposite direction, with these differences indicating asymmetry in traffic load and signal
control conditions.

3.2. Scenario with 30% Demand Redistribution

The scenario involving a 30% redistribution of traffic demand to Urban Air Mobility (UAM)
demonstrated a substantial improvement in operational performance (Table 4). Compared
to the baseline condition, a noticeable reduction in both travel times and traffic intensity was
observed, indicating a significant alleviation of congestion effects within the network.

This improvement can be attributed to the decreased number of vehicles circulating
within the system, which led to smoother traffic flow, reduced queue formation, and fewer
delays at signalized intersections. As a result, the transport system operated under more
stable and efficient conditions during the analyzed peak period.
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Table 4. Scenario after 30% Demand Redistribution.

New State After 30% UAM Shift

From Intersection 1 to Intersection 3 From Intersection 3 to Intersection 1

Time Interval Vehicle Count Travel Time [s] Time Interval Vehicle Count Travel Time [s]
6:30:00 0.92 121.15 6:30:00 0.64 80.88
6:35:00 1.36 153.79 6:35:00 1.28 108.93
6:40:00 1.48 121.26 6:40:00 1.24 98.51
6:45:00 2.36 120.01 6:45:00 1.56 103.20
6:50:00 2.60 139.57 6:50:00 1.32 91.54
6:55:00 2.08 134.87 6:55:00 1.60 97.65
7:00:00 3.08 160.92 7:00:00 1.36 83.49
7:05:00 2.08 131.58 7:05:00 1.96 101.86
7:10:00 1.72 136.21 7:10:00 1.80 97.71
7:15:00 2.92 129.87 7:15:00 2.00 113.16
7:20:00 4.52 144.61 7:20:00 1.52 107.33
7:25:00 4.08 145.53 7:25:00 2.84 106.80
7:30:00 2.76 130.52 7:30:00 3.36 100.51
7:35:00 3.72 143.89 7:35:00 2.68 94.14
7:40:00 2.08 138.35 7:40:00 3.48 111.83
7:45:00 3.56 135.66 7:45:00 3.64 94.90
7:50:00 2.80 139.55 7:50:00 2.80 104.95
7:55:00 2.72 144.08 7:55:00 3.96 94.87

The average travel time decreased to approximately 130-140 s, accompanied by a
significant reduction in the number of vehicles within the system. The summary results are
presented in Table 5.

Table 5. Summary of the scenario after 30% Demand Redistribution.

Scenario After 30% Demand Redistribution

From Intersection 1 to Intersection 3 From Intersection 3 to Intersection 1
Vehicle count 46.84 Vehicle count 39.04
Average travel time 137.30 Average travel time 99.57

The average travel time decreased to 137.30 s (1 — 3) and 99.57 s (3 — 1), representing
a significant improvement compared to the baseline scenario.

An interesting finding is that the reduction in the number of vehicles was more pro-
nounced than the 30% decrease in demand itself. This effect was caused by the elimination
of congestion and the dissipation of vehicle queues, which in the baseline scenario arti-
ficially increased the number of vehicles within the system. This represents a nonlinear
effect typical of congested transport systems.

3.3. Scenario with 50% Demand Redistribution

The simulation of the 50% Urban Air Mobility (UAM) scenario resulted in a further re-
duction in traffic load, but without a proportional improvement in operational performance
compared to the 30% scenario (Table 6).

Although the number of vehicles in both directions decreased slightly, the differences
compared to the 30% UAM share scenario were not substantial. This result suggests that
the transport system reached a state in which traffic congestion is no longer the dominant
limiting factor of performance. In other words, further reductions in traffic demand do not
lead to proportional improvements in travel times, suggesting a threshold effect.
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Table 6. Scenario after 50% Demand Redistribution.
New State After 50% UAM Shift
From Intersection 1 to Intersection 3 From Intersection 3 to Intersection 1

Time Interval Vehicle Count Travel Time [s] Time Interval Vehicle Count Travel Time [s]
6:30:00 0.68 123.10 6:30:00 0.72 106.22
6:35:00 1.64 137.49 6:35:00 1.48 91.34
6:40:00 1.36 140.34 6:40:00 0.88 89.38
6:45:00 2.2 136.46 6:45:00 1.44 92.70
6:50:00 2.64 141.78 6:50:00 1.08 110.78
6:55:00 2.08 137.48 6:55:00 1.96 101.49
7:00:00 2.84 171.06 7:00:00 1.64 94.20
7:05:00 2.28 136.92 7:05:00 1.68 101.56
7:10:00 1.96 141.64 7:10:00 2.08 94.25
7:15:00 2.72 141.22 7:15:00 1.36 97.31
7:20:00 3.52 141.20 7:20:00 1.56 105.17
7:25:00 3.48 133.10 7:25:00 1.56 116.20
7:30:00 2.04 141.22 7:30:00 2.24 105.51
7:35:00 3.8 141.90 7:35:00 2.16 98.27
7:40:00 2.52 144.62 7:40:00 3.72 102.65
7:45:00 3.2 126.18 7:45:00 3.12 97.90
7:50:00 2.8 135.52 7:50:00 1.92 118.48
7:55:00 2.68 129.88 7:55:00 3.04 98.87

The average travel times remained similar to those in the 30% scenario, with a slight
increase observed in some time intervals. However, this phenomenon is not related to
re-emerging congestion but rather reflects that, at lower traffic intensities, travel times are
primarily determined by the geometric and control characteristics of the infrastructure, such
as signal cycle lengths, lane configurations, and traffic flow organization. The summary
results are presented in Table 7.

Table 7. Summary of the scenario after 50% Demand Redistribution.

New State After 50% UAM Shift

From Intersection 1 to Intersection 3 From Intersection 3 to Intersection 1
Vehicle count 44.44 Vehicle count 33.64
Average travel time 138.95 Average travel time 101.24

The average travel time reached 138.95 s in the direction 1 — 3 and 101.24 s in the
direction 3 — 1, while the number of vehicles decreased to 44.44 and 33.64, respectively.
Compared to the baseline scenario, this represents a significant improvement; however,
compared to the 30% UAM scenario, the benefits are only marginal.

These results confirm that the most substantial improvements in transport system perfor-
mance are achieved in the early stages of UAM implementation. At higher levels of adoption,
the effect gradually saturates, and system performance is increasingly limited by infrastructure
and control parameters rather than by traffic intensity itself. From the perspective of transport
information systems, this is a key finding, highlighting the need to combine demand-reduction
measures with the optimization of traffic management strategies.
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3.4. Theoretical Interpretation of the Threshold Effect
The threshold effect observed in this study can be interpreted using classical traffic

flow theory and the relationship between traffic demand and infrastructure capacity. In
traffic engineering, this relationship is commonly expressed by the saturation ratio:

traf fic demand flow

Saturation ratio = -
capacity

)

When saturation ratio is greater than 1, traffic demand exceeds the available capacity.
Under such conditions, queues grow, traffic flow becomes unstable, and delays increase
disproportionately. In contrast, when Saturation ratio is lower than 1, the system operates
in a more stable traffic regime, and additional reductions in traffic demand may produce
only limited further improvements in travel time. From this perspective, the substantial
improvement observed between the baseline scenario and the 30% demand redistribution
scenario suggests that the analyzed road network shifted from an oversaturated or near-
saturated regime to a more stable operating regime.

The limited additional improvement observed in the 50% scenario can therefore be inter-
preted as a saturation of benefits after the critical congestion threshold has already been passed.
Once the system is no longer primarily limited by excessive traffic demand, travel times are
increasingly influenced by fixed infrastructure and control characteristics, such as signal cycle
lengths, lane configuration, intersection geometry, and traffic flow organization.

It should be noted that the present study does not determine the exact critical density,
the complete fundamental traffic flow diagram, or the precise transition point between
congested and uncongested traffic conditions. The interpretation of the threshold effect
is based on the observed changes in travel times and traffic load in the microsimulation
outputs. A detailed capacity-based analysis using saturation ratios, density-related indica-
tors, queue lengths, and delay values for each intersection approach should therefore be
addressed in future research.

4. Discussion

To ensure a relevant comparison between microsimulation results and the Urban Air
Mobility (UAM) alternative, reference travel times were calculated for two operational speeds:
50 km/h (13.89 m/s) and 30 km/h (8.33 m/s). These values were selected to represent different
urban traffic conditions. A speed of 50 km/h corresponds to the typical maximum speed limit in
urban areas. In comparison, 30 km/h represents conditions in traffic-calmed zones, residential
streets, school areas, or locations with increased pedestrian activity.

The analysis assumed a simplified condition of equal route length for both UAM and
ground transportation. Although UAM is not constrained by road geometry, intersections,
or signal control in real-world conditions, this assumption allowed for a methodologically
consistent comparison of travel times under identical spatial conditions. The reference
travel time for UAM was calculated according to Equation (4):

distance

travel time = W 4)

The calculated travel times are presented in the following Table 8.
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Table 8. Travel time.
Direction Travel Time [s]

From intersection 1 to intersection 3 53.7
50 km/h

From intersection 3 to intersection 1 89.5

From intersection 1 to intersection 3 61.3
30 km/h

From intersection 3 to intersection 1 102.2

The comparison of results shows that UAM achieves significantly lower and more stable
travel times than ground transportation, particularly in the direction from intersection 1 to
intersection 3 (see Figure 4, Comparison of travel time in direction 1-3). In the baseline scenario,
ground transportation travel times were considerably higher and varied with congestion levels.
After redistributing 30% of traffic demand to UAM, substantial reductions in travel times and
stabilization of traffic flow were observed. The scenario with a 50% UAM share resulted in a
further decrease in traffic load, but without proportional improvement in travel times. This
outcome indicates a threshold effect, in which further reductions in ground traffic intensity do
not yield proportional improvements in intersection performance.
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Figure 4. Comparison of travel time in direction 1-3.

The graph illustrates the average travel time [s] for individual simulation scenarios and two
reference speeds of Urban Air Mobility (UAM) in the direction from intersection 1 to intersection
3 during the morning peak period (from 6:30 to 7:55). The x-axis represents time intervals in
five-minute steps, while the y-axis shows the average travel time in seconds.

e  Blue curve (baseline): This curve represents the current state of ground transportation
without the implementation of Urban Air Mobility. The initial travel times are the
highest and exhibit significant variability, indicating congestion and delays.

e Orange curve: This scenario represents a 30% reduction in ground vehicles due
to the introduction of Urban Air Mobility. Travel times decrease significantly and
show greater stability compared to the baseline, indicating improved traffic flow and
reduced delays.

e  Green curve: In this case, traffic volume is reduced by 50% as a result of implementing
Urban Air Mobility. Travel times are further reduced and remain highly stable, con-
firming the positive impact of reduced vehicle numbers on intersection performance.
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e Purple (UAM 30 km/h) and light blue (UAM 50 km/h) curves: These horizontal
curves represent travel times for Urban Air Mobility at speeds of 30 km/h and
50 km/h, respectively.

Travel times achieved through Urban Air Mobility (UAM) are significantly lower
and remain stable, as UAM is expected to bypass delays at signalized intersections. The
graph demonstrates that even with a substantial reduction in traffic intensity (by 50%),
ground transportation does not reach travel times comparable to those of UAM. The largest
difference between ground transportation and UAM travel times occurs during peak traffic
periods, roughly between 7:20 and 7:40. These findings highlight UAM’s potential to reduce
travel times and mitigate congestion in urban environments, offering consistently faster,
more predictable travel compared to conventional ground transportation.

The following figure illustrates the average travel time for different traffic scenarios and
reference speeds of Urban Air Mobility in the direction from intersection 3 to intersection 1. This
comparison aims to demonstrate how different levels of UAM implementation (30% and 50%
reductions in ground traffic) affect travel times while also emphasizing the high efficiency of
UAM, which remains consistently lower than that of conventional ground transportation.

The graph in Figure 5 shows the average travel time in seconds for different simulation
scenarios and two reference speeds of Urban Air Mobility (UAM) in the direction from
intersection 3 to intersection 1 during the morning peak period (from 6:30 to 7:55). The
x-axis represents time intervals in five-minute steps, while the y-axis indicates the average
travel time in seconds.
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Figure 5. Comparison of travel time in direction 3-1.

e  Blue curve (baseline): This curve represents the baseline scenario of ground trans-
portation without the involvement of Urban Air Mobility. Travel times are highly
variable and, at certain points (for example, around 7:25-7:35), reach significant peaks,
reflecting severe congestion and the random formation of traffic queues.

https://doi.org/10.3390 /urbanscil0070353


https://doi.org/10.3390/urbansci10070353

Urban Sci. 2026, 10, 353

15 of 20

e Orange curve: This scenario represents a 30% reduction in ground traffic volumes
due to the introduction of Urban Air Mobility. Travel times are consistently lower and
much less variable compared to the baseline, indicating smoother traffic flow.

e  Green curve: This curve shows a further reduction in traffic load as a result of Urban
Air Mobility implementation. Travel times are even more stable and lower than in the
30% scenario, suggesting near-optimal traffic conditions within the given context.

e Purple curve (UAM 30 km/h) and light blue curve (UAM 50 km/h): These con-
stant curves represent travel times for Urban Air Mobility at speeds of 30 km/h and
50 km/h, respectively.

In this case, after UAM-related demand redistribution, travel times approached the UAM
reference values, and in two intervals, ground transportation even achieved better results than
UAM. This phenomenon is primarily due to the signal control plans at intersections 2 and 3
being static rather than dynamic, optimized for higher traffic volumes. As a result, during
periods of reduced traffic, vehicles at these intersections experience minimal delays, resulting in
a significant reduction in travel times.

Moreover, when drivers encounter minimal delays, they are more likely to exceed the
maximum permitted speeds, as confirmed by calibration data from the baseline model.

The findings of this study confirm the potential of Urban Air Mobility (UAM) as a
complementary element of a multimodal transport system within the Smart City concept.
The redistribution of a portion of traffic demand from ground transportation to the airspace
can help reduce congestion, shorten travel times, and increase mobility predictability. From
the perspective of transport information systems, UAM is a tool that can be integrated into
broader decision-making and control platforms to optimize traffic flows.

However, it is important to emphasize that the practical implementation of UAM
requires addressing several open challenges, particularly in infrastructure, safety, regula-
tion, energy demand, and public acceptance [22-25]. Despite favorable travel-time results,
Urban Air Mobility (UAM) cannot be considered a complete replacement for ground trans-
portation. Ground transport systems benefit from established infrastructure, an existing
regulatory framework, and a high level of spatial accessibility [26-28]. At the same time,
they provide flexibility for a wide range of users, destinations, and transport modes, in-
cluding public transport, private transport, cycling, logistics, and the mobility of people
with specific needs [29-31].

Another important aspect is the operational cost and energy demand of UAM. In
particular, systems based on vertical take-off and landing can be technologically complex
and energy-intensive, which may limit their use compared to modern low-emission or
zero-emission ground transport modes [32,33]. For this reason, UAM should be regarded
primarily as a selective complement to the existing transport system, particularly suitable
for specific routes, congested corridors, or time-sensitive trips.

Opverall, the results indicate that the greatest impact of UAM already occurs at the stage
of its partial implementation. The scenario with a 30% redistribution of traffic demand
resulted in a significant improvement in travel times, whereas increasing the share to
50% did not produce proportional benefits. This threshold effect is important for future
planning, as it highlights the need to integrate UAM with signal control optimization,
demand management, and the development of multimodal transport approaches.

Thus, UAM can contribute to a more efficient, resilient, and sustainable urban mobility
system, but only as part of an integrated transport ecosystem rather than as a standalone solution.

These findings highlight the importance of data-driven approaches in urban mobil-
ity planning, where simulation-based analyses can support more informed decisions on
integrating emerging transport concepts, such as Urban Air Mobility.
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The results should therefore be interpreted primarily as a traffic demand sensitivity
analysis rather than as a complete multimodal UAM simulation. The main finding is not
the operational performance of UAM itself, but the nonlinear response of the existing
signalized road network to reduced ground traffic demand. The comparison between
the baseline, 30%, and 50% scenarios indicates that the largest improvement occurs when
the traffic system moves away from oversaturated or near-saturated conditions. Once
this transition has occurred, further reductions in demand bring only marginal additional
benefits, because travel times are increasingly determined by signal control parameters,
road geometry, and fixed infrastructure characteristics rather than by congestion alone.

The obtained results are consistent with previous traffic-engineering and microsimula-
tion studies showing that reductions in traffic demand do not always lead to proportional
improvements in network performance. In congested or near-saturated conditions, even a
moderate decrease in demand may lead to a substantial reduction in travel time and queue
formation, while further demand reductions may produce only marginal additional benefits
once the system has moved into a more stable operating regime. Compared with broader
UAM studies, which usually focus on airspace organization, vertiport planning, passenger
acceptance, or system-level integration, the present study contributes by examining the
road-network response at the level of signalized intersections. In this respect, the results
complement the previously published assessment of the same Topol'¢any road network by
extending the analysis from traffic management optimization to hypothetical UAM-related
demand redistribution scenarios.

5. Conclusions

This study aimed to assess the potential of Urban Air Mobility (UAM) to reduce travel
times and improve overall signalized intersection performance in the urban environment
of Topol'¢any, Slovakia. Specifically, the impact of redistributing 30% and 50% of ground
traffic into the airspace was analyzed, with a focus on key intersections during the morning
peak period.

The results of the microsimulation-based analysis clearly support Hypothesis 1. The
implementation of UAM-related demand redistribution led to a measurable reduction in
travel times at signalized intersections. Even in the baseline scenario, the average travel
times of ground vehicles remained significantly higher compared to the reference UAM
travel times. In scenarios with partial UAM implementation, this difference persisted,
confirming the significant time-saving potential of this form of mobility regardless of the
specific level of its adoption.

An exception was observed along the route from intersection 3 to intersection 1, where
longer travel times were likely due to the use of a fixed signal control plan. For more
accurate comparisons, it would be beneficial to optimize signal control plans or implement
adaptive traffic management that reflects current traffic conditions. This aspect represents
an opportunity for further research.

Regarding Hypothesis 2, the results do not fully support the expected relationship.
Although the reduction in traffic load led to a noticeable decrease in travel times, increasing
the UAM share from 30% to 50% did not result in a substantial additional improvement.
This finding indicates a threshold effect, in which further reductions in traffic demand no
longer translate into significant gains in transport system performance.

From a broader perspective, these findings may support the Smart City concept by
showing how simulation-based analyses can be used to evaluate the operational effects of
hypothetical demand redistribution scenarios. Urban Air Mobility (UAM) may represent a
complementary mobility concept for selected congested corridors or time-sensitive trips.
However, in the present study, its effects were evaluated only through travel times and
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trafficload at signalized intersections. Therefore, broader implications related to sustainable
mobility, system resilience, and quality of life should be interpreted only as potential
indirect effects that require further investigation.

However, it is also important to emphasize the limitations of this study. The simulation
was conducted for a specific urban environment and based on simplified assumptions,
including equal route lengths for both UAM and ground transportation. Although this
approach enabled direct comparison, it does not account for UAM’s routing flexibility or
for specific operational constraints in real-world conditions.

A key limitation of this study is that Urban Air Mobility was represented through
hypothetical demand redistribution scenarios and not through a complete operational UAM
model. The analysis did not include aerial corridors, vertiport capacity, waiting times,
passenger access and egress, intermodal transfers, airspace constraints, or operating costs.
Therefore, the results should not be interpreted as a full evaluation of UAM implementation,
but as an assessment of how a signalized urban road network may respond if part of the
ground traffic demand is removed from the road system. Future research should extend this
approach by integrating detailed UAM supply-side parameters, dynamic adoption models,
and capacity-based indicators such as saturation ratios, density, and the identification of
the exact transition point between congested and uncongested regimes.

In addition, the model did not account for weather conditions, airspace regulations, or the
practical challenges of implementing UAM infrastructure and services. From the perspective of
transport information systems, these limitations highlight the need to extend analytical tools
and models to better reflect the complexity of real transport environments [34-36].

Another limitation is the study’s focus exclusively on travel times and intersection per-
formance. Although these are key indicators of operational efficiency, they do not capture
other important aspects such as environmental impacts, energy consumption, noise, or the
societal acceptance of aerial mobility. Future research should integrate these dimensions
into the analysis to achieve a more comprehensive evaluation of the benefits and risks of
UAM. Such an extension would make it possible to evaluate the broader environmental and
social implications of UAM-related demand redistribution more comprehensively within
the Smart City concept.

In addition, it should be noted that this study considered static UAM shares (30% and
50%). In contrast, in real-world conditions, the adoption of this technology will be dynamic
and influenced by factors such as economic accessibility, technological progress, user
preferences, and regulatory policies. Future research should therefore focus on dynamic
modeling of UAM adoption, multimodal interactions, and adaptive control strategies
within the Smart City environment. From the perspective of transport information systems,
such an approach is essential for accurate modeling and efficient management of complex
transport processes.

The integration of Urban Air Mobility into urban transport systems would require
addressing challenges that extend beyond operational efficiency. These include safety,
airspace regulation, technological reliability, operating costs, infrastructure requirements,
and public acceptance. Since these aspects were not directly evaluated in the present
model, the results should be interpreted as an operational traffic assessment rather than as
a complete evaluation of UAM implementation. In future studies, transport information
systems could play an important role in supporting real-time coordination, monitoring,
and mobility management in a more comprehensive multimodal framework.

In conclusion, this study provides a quantitative basis for understanding how hypo-
thetical UAM-related demand redistribution may influence travel times and traffic load at
signalized intersections. The results show that a 30% reduction in ground traffic demand
produces a substantial improvement in traffic flow, while a further increase to 50% does
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not generate proportional additional benefits. However, these findings should not be
interpreted as a complete assessment of UAM implementation. Further research is required
to include operational UAM parameters, infrastructure requirements, user behavior, travel
costs, environmental impacts, and regulatory constraints before broader conclusions about
UAM integration into Smart City transport strategies can be drawn.

The results should be interpreted primarily in relation to operational traffic perfor-
mance, especially travel times and traffic load at signalized intersections. Although im-
proved traffic flow may indirectly support broader Smart City objectives, such as more
efficient mobility planning and reduced pressure on road infrastructure, this study did not
directly evaluate environmental impacts, system resilience, social acceptance, or residents’
quality of life. Therefore, conclusions related to sustainability and quality-of-life benefits
should be understood as potential implications rather than directly measured outcomes.
Future research should include environmental indicators, energy consumption, noise, ac-
cessibility, user behavior, and social acceptance in order to evaluate these broader impacts
more comprehensively.

These findings have not only theoretical significance but also practical implications
for urban planning and traffic management. Based on the obtained results, the following
policy implications can be formulated:

Policy Implications

The results of this study have significant implications for urban planning and transport
policy within the Smart City context. First, the results indicate that even a hypothetical
partial reduction in ground traffic demand may lead to measurable improvements in travel
times and intersection performance in the analyzed road network. This suggests that UAM
implementation can be carried out gradually and strategically, focusing on critical transport
corridors and peak traffic periods.

Second, the identified threshold effect highlights the importance of evaluating demand
redistribution levels before drawing conclusions about the expected benefits of new mobility
concepts. The results suggest that higher levels of demand reduction do not necessarily
produce proportional improvements in road network performance.

Third, the results emphasize the importance of transport information systems for
evaluating and managing complex mobility scenarios. Advanced tools for data collection,
traffic demand prediction, simulation, and adaptive traffic control are necessary to assess
how changes in travel demand may influence road network performance.

Finally, future scenario analyses should be combined with signal control optimiza-
tion, traffic demand management, and broader multimodal planning. Such an integrated
approach would allow researchers and decision-makers to evaluate operational, environ-
mental, economic, and social impacts in a more balanced way.
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