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Abstract
Urban traffic congestion is a major issue
that negatively affects mobility efficiency,
environmental sustainability and road safety.
Many recent methods for controlling traffic signals
have used methods based on deep reinforcement
learning (DRL) and provided positive results.
However, it focused primarily on vehicle flow and
have not taken into account pedestrian dynamics
due to inherent difficulty related to accurately
sensing all pedestrians. As a result of these
limitations, recent advances in sixth-generation
(6G) localisation technology will provide new
opportunities to provide precise, low-latency
tracking of pedestrians at signalized intersections,
allowing for improved control of pedestrian
movements in urban areas. The model proposed
in this paper named DRL-based pedestrian-vehicle
traffic signalmanagement (DRL-PVTSM), provides
a solution to this need by providing a decentralized
multi-agent DRL approach that jointly optimizes
both vehicle and pedestrian movements at each
intersection using independent agents each
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controlled by deep Q-network (DQN). The agents
are provided with a pressure-based reward for
optimizing vehicle and pedestrian queue densities
and have created safety-penalizing rewards based
on pressure from pedestrians that are waiting for
the lights to change. The DRL-PVTSM framework
has been designed in accordancewith the principles
of scalability, robustness and real-time applicability
to large multi-intersection urban traffic networks.
This work demonstrates in extensive simulations
performed in SUMO software on multiple network
traffic topologies of grid and random layouts that
the DRL-PVTSM model provides statistically
significant improvements in pedestrian waiting
time, vehicle travel delay, and decreases in
congestion mitigation and intersection-level safety
indicators, thus confirming that decentralized DRL
with future 6G will provide a viable method for
optimizing the joint operation of pedestrian and
vehicle traffic signal systems.
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decentralized multi-agent deep reinforcement learning,
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1 Introduction
Traffic congestion is one of the most pressing urban
problems in the world today and leads to significant
economic, environmental and safety impacts [1]. A
recent study conducted by the texas transportation
institute (TTI) estimated that traffic congestion costs
the urban areas of the united states approximately $100
billion per year due to wasted fuel, lost productivity,
and increased risk of accidents (see Figure 1) [2].
Therefore, there has been a growing interest in
optimising the operation of traffic through efficient
infrastructure use. Adaptive traffic signal control is
likely one of the best solutions available today to
alleviate the issue of traffic congestion while increasing
the possibilities for movement. These new traffic
control systems allow for the length of time for which
a traffic signal is green to be adjusted dynamically as
real-time changes to traffic conditions occur.

Figure 1. Total cost of traffic congestion ($100 billion).

Recent years have seen substantial advances in the
utilisation of reinforcement learning (RL) technologies
and methodologies for the establishment of adaptive
traffic signal control (ATSC) systems based upon
artificial intelligence (AI). Unfortunately, most current
applications of RL in the transportation domain
tend to concentrate primarily on optimising vehicle
movement patterns: they frequently do not consider
how to coordinate pedestrians’ movements with those
of the vehicles, due mainly to the challenging nature
of monitoring and tracking pedestrian activity at
intersections in a dependable manner [3, 4]. Vision
systems routinely employed for the purpose of
monitoring and tracking pedestrians on the road
have generally proven ineffective in the context of
outdoor environments that are subject to dynamic
obscurations (e.g., other vehicles) as well as variations
in environmental conditions such as light and
weather [5]. However, as wireless communication

networks transition from fifth-generation (5G)
to sixth-generation (6G) technologies, they will
provide a means by which to enhance pedestrian
monitoring and tracking accuracy (in real time) at
traffic signalised intersections [6, 7]. In addition to
the advantages associated with 6G networks, the
combination of highly detailed pedestrian traffic data
with vehicular patterns presents the first opportunity
to jointly optimise the interaction between pedestrians
and vehicles at traffic signalised intersections,
thus allowing for improved transportation system
efficiencies, safety, and mobility throughout many
urban centres.

In this paper, an adaptive traffic signal control model is
being developed for cities with many intersections that
have a mix of pedestrian and vehicle traffic. To create a
real-time situational awareness of these areas, we used
the SUMO simulator, which allow for the flexible and
timely signalling of all intersections within a simulated
city. In addition to optimising for vehicular efficiency
and pedestrian movement, this method increases its
ability to address some of the deficiencies that exist
in current fixed-time vehicle control strategies, while
also increasing its capacity and effectiveness when
expanded to include much larger deployments. This
study provides contributions to the field of TCS as
follow:

• A multi-agent deep reinforcement learning
(DRL)-ATSC architecture was developed for
multiple intersection networks that considers
mixed pedestrian-vehicle traffic, enabling
coordination of signal decisions across multiple
intersections rather than having vehicle-centric
designs only.

• Utilisation of SUMO with specific configurations
to provide fine-grained, low-latency information
on pedestrian states; this information is sent to the
real-time proposed system, and the model reacts
accordingly in as short time as possible.

• Contrary to traditional and current solutions,
the proposed model establishes a unified control
objective to jointly optimise traffic efficiency and
pedestrian safety, thus resolving the inherent
imbalance present in conventional fixed-time and
vehicle-only signal plans.

• A scalable coordination mechanism to coordinate
multiple intersection networks in large urban
areas, while still maintaining manageable
communication and computational complexity.
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• Comprehensive performance evaluation which
shows significant improvement over fixed-time
and vehicle-only adaptive control systems in
regards to delay, throughput, and pedestrian
service quality.

This paper is structured as follows: next, in Section
2 we present the current studies in this field and
highlight its limitations. Followed by Section 3 that
presents the methodology of this work. Section 4
showcases the proposed model’s design. Next, in
Section 5, the detailed steps used to perform this work
are cleared. Following that, we show the obtained
results in Section 6 andwe discuss the future directions
in Section 7. Finally, we end the paper with a
conclusion as in Section 8

2 State of the art
The growing interest in adaptive TSCs as a viable
solution for resolving urban congestion has prompted
further advances in new research and innovations
towards such systems. Recent work has introduced
multiple models of control policy solution creation
usingmanual analytical methods tomodel traffic flows
& control policies [8]. Limitations from such methods
include the need for specifying an accurate set ofmodel
definitions for every intersection that a signal will
operate at so to maximize scalability and robustness
if an intersection’s similar traffic flow patterns are
not being followed. The emergence of RL methods
is providing data-driven alternatives that are enabling
the creation of flexible and scalable signal operation
policies that support the optimization of signals based
on the use of empirical traffic data. Recent value-based
signal operation approaches utilizing Q-Learning
have demonstrated the capability to support the
development of optimal traffic signals [9], while
policy network approaches developed through the
use of multi-agent reinforcement learning (MARL)
have demonstrated success in developing optimal
traffic signal policies for larger-scale networks. The
ability to include and prioritize pedestrians within
these earlier versions of traffic signal management
systems continues to be significantly underdeveloped.
Our deep reinforcement learning pedestrian-vehicle
traffic signal management (DRL-PVTSM) approach
contributes to these bodies of work by integrating
precise pedestrian data unlocked by emerging 6G
localisation capabilities with MARL formulations for
scalable mixed traffic coordination.
There has been extensive research done regarding
methods to optimize the flow of vehicular traffic

through various types of intersections, optimizing
the flow of vehicular traffic may help alleviate traffic
congestion caused by urbanization, improve traffic
accident rates, and improve the overall efficiency
of urban transportation systems. A recent trend
in adaptive traffic signal control systems (ATSC)
is the use of real-time adaptive traffic signals to
automatically adjust traffic signals based on real-time
traffic data. Before the creation of ATSC, early research
conducted on traffic signal control primarily employed
analytical models that required researchers to develop
accurate models of every individual intersection
[11]. Although these types of models provided
researchers with valuable insights into how to control
intersections, they were limited in that they lacked
scalability and flexibility when the actual flow of
vehicular traffic at any particular intersection differed
from the assumptions that were made during the
model’s development [12–14]. The introduction of
machine learning (ML), such as with the use of
RL, has revolutionized the ATSC system. Machine
learning (ML)-based studies, particularly RL, have
revolutionized ATSC. Researchers have developed
value-based methods (Q-Learning policy gradient)
that utilize real-world traffic data to help optimize
traffic light timing [15]. For example, research has
shown that RL can be an effective way of controlling
motor vehicle traffic, but there is a huge gap in works
incorporating congestion due to pedestrian traffic
ignorance [16, 17].

ATSC technology is improved by new AI Technologies
and the application of DRL will help improve traffic
signal timing [15]. This technology enables the
optimization of signal timing by using multiple
distributed multi-agent systems [13, 19, 21]. By giving
agents control of intersections (i.e. traffic signals), each
agent can learn how to react autonomously to changing
conditions in their local area [19].

Detecting and tracking the movement of pedestrians
has been one of the greatest challenges associated with
optimising traffic signals. Vision based technologies
have been hampered by changing dynamic occlusions,
weather and lighting conditions [22, 23]. However, the
upcoming 6Gnetworks provides enhanced localisation
and tracking capability allowing for accurate and
timely collection of pedestrian traffic data [24].

By using data from both vehicle and pedestrian
traffic, it is possible to optimise overall mixed traffic.
In previous studies, it has been shown that using
pedestrian data along with vehicle data results in a

33



ICCK Transactions on Mobile and Wireless Intelligence

more efficient, safe, and mobile traffic management
system than using either type of data alone [25]. Using
pedestrian and vehicle data together allows developers
to create better solutions that provide a balance
between optimising traffic flowwhile providing for the
safety of pedestrians at intersections [26]. Researchers
has found that distributed multi-agent systems can be
used to manage the control of traffic lights to improve
overall traffic efficiency. Agent collaboration and
competition interactions improve the ability to manage
traffic flow [14]. The use of distributed multi-agent
DRLwill allow for the independentmodification of the
signal lights at each intersection while simultaneously
contributing to the overall improvement of the traffic
network [27].This study discusses the innovative use
of simulation to evaluate the effectiveness of ATSC
strategies and introduces future technology trends to
enhance the ATSC. In most valuable studies a specific
software for simulation was used which is called
SUMO (Simulation of Urban MObility) to test and
refine traffic signal control strategies incorporating
multiple methods of evaluating ATSC [28].

The rapid advancement of new technologies have
allowed for the development of many types of
technologies that will benefit ATSC, including edge
computing (EC). Future technologies, including 6G,
can provide new opportunities to improve ATSC, such
as real-timemonitoring of traffic conditions, ATSC and
improved pedestrian safety as a result of unmanned
aerial vehicle (UAV) usage [29, 30]. Using unmanned
aerial vehicles (UAV) can provide a bird’s eye view of
traffic patterns with the added benefit of being able to
capture images and collect real-time information about
how traffic is currently flowing. The integration of
UAVs into ATSC would create improved accuracy and
efficiency when compared with traditional methods of
collecting and reporting on traffic data [31].

Another area of research that has gained significant
interest is the development and implementation
of intelligent transportation systems (ITS) using
vehicle-to-infrastructure technologies. ITS provide
improved traffic signal management and minimize the
potential for congestion through the linking of vehicles
with their surrounding infrastructure [32, 33].

By adding more internet of things (IoT) devices,
the ATSC is able to have many different sources of
information to improve how the traffic moves on the
roadway. Sensors and other IoT devices will provide a
way to capture data on vehicles, signals, and roadways
as they happen. This data can then be sent back to

the ATSC for real-time response and adaptation which
allows it to improve the flow of traffic more quickly
[34, 35].
The continued integration of future technologies such
as intelligent UAV networks for traffic monitoring,
smart crosswalks (i.e., integrating sensors to detect
pedestrians in need of assistance), and multi-modal
transportation systems (i.e., combining several modes
of transportation into one) creates the ability to
improve the efficiency, safety, and sustainability of
urban transportation systems. The importance of
big data analytics, or the analysis and aggregation
of large amounts of historical traffic data, into traffic
control systems has also increased. By analyzing large
amounts of traffic data, many patterns and trends can
be identified that can help developmore accurate TMSs
[36]. The concept of blockchain was developed to
provide secure and transparent means for transferring
and exchanging data between TMSs, resulting in
providing a higher quality of traffic data, increasing the
level of trust in how the various TSCs share traffic data
with one another and, ultimately, improving ATSC’
ability to communicate with each other [15].
The future development of a complete ATMS that will
utilize innovative wireless broadband communication
systems and ML to better manage the interaction
between people and vehicles in cities is imminent. It
will provide new tools that will enhance the safety
and performance of urban transportation networks
through enhanced knowledge of pedestrian traffic
flows. A fully ATMS has the potential to utilize
both accurate pedestrianmonitoring and decentralized
MARL algorithms to optimize the flow of mixed
cars and pedestrians through the city’s streets and
roads. Improved safety and efficiency of urban
transport networks will enable a more uniform
methodology of transportation among all modes of
transportation, including mechanical (motor vehicle),
human (pedestrian) and non-mechanical (bicycle)
modes.

3 Methodology
3.1 Problem formulation
The multi-intersection signal control problem has been
modelled as a Markov decision process (MDP) so that
decentralised RL techniques can be applied [37]. The
components of the MDP are defined below:
• States (s): a state describes how an intersection

is currently performing. A state will include as
a minimum: vehicle density, pedestrian queues,
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and signal phase (green, yellow, red).
• Actions (a): an action is a signal phase (change or

maintain) and the order of phases for a signal
is cyclical, thus allowing for safe pedestrian
crossings.

• Transition (T): the combination of actions
and states will determine what happens to
traffic during transitions. All vehicle density
information is based upon how the system has
operated in the past.

• Rewards (R): trade-offs between efficiency and
safety; thus, a mixture of pressures from vehicles,
pedestrians, and jaywalking penalties will be
used.

The suggested control issue for pedestrian and
vehicle traffic signals is represented as a Markov
Decision Process (MDP) characterised by the tuple
〈S,A,P,R, γ〉. At time step t, intersection agent i
sees the state si(t) ∈ S, which includes the lengths
of the queues of vehicles on all incoming lanes,
the lengths of the queues of pedestrians on each
crossing, the currently active signal phase, and the
time that has passed since that phase started. The
action space A consists of distinct choices regarding
signal phases, including phase switching and phase
extension. The SUMO simulator changes the flow
of traffic to control the transition dynamics P . To
specifically quantify congestion imbalance, vehicular
pressure is characterised as the disparity between
upstream and downstream queue lengths, whereas
pedestrian pressure is quantified as the total waiting
demand at crosswalks. The reward function combines
both parts and is designed to reduce the combined
pressure on vehicles and pedestrians while punishing
unsafe interactions between pedestrians and vehicles.
This guides the learning process toward safe and
efficient signal control.
The goal here is to make rules that are specific to each
intersection and get the most cumulative discounted
rewards while also thinking about how they will affect
traffic patterns in the long run.

3.2 Decentralised multi-agent deep Q-network
(DQN)s

Using decentralised multi-agent DQNs, we designed
our DRL-PVTSM scheme with the following
characteristics [10]:
• Encoding States: The state encoding includes

the amount of vehicles in an intersection, the

queues of pedestrians, the present phase of the
traffic signal (G, Y, R) relative to how quickly a
pedestrian walks, and how long a pedestrian has
to cross the intersection when the light is red.

• Actions: The actions include changing or
continuing with the current phase of the traffic
signal and allow for the dynamic expansion of
green lights based on pedestrian vehicle counts.

• Phases: The traffic signal has a patterned sequence
of regular and all-red phases, which allows for
safe switching between the two.

• Rewards: To get more work done, you have to put
pressure on people, and to keep pedestrians safe,
you have to punish people for jaywalking.

• Learning: Massive user-based simulation for
rapid retrieval of DQN optimisation data.

3.3 Implementation details
Using the SUMO simulation tool, we will extensively
put the DRL-PVTSM model under a variety of
baseline systems. The SUMO simulator realistically
replicates the heterogeneous dynamics of vehicles and
the complex behaviour of pedestrians in an urban
environment and provides complete control over the
design of the roadway network (e.g., geometries of
streets and intersections) and the operation of traffic
signals, the vehicle and pedestrian movement flows,
and other elements of the urban traffic environment
[13]. The SUMO simulator will be configured to
represent a grid-like topological structure consisting
of 1-by-4 grid layouts of 16 intersections, with each
intersection connected by a 500-metre-long street
segment, and will therefore provide an opportunity
to fairly compare all simulation runs of the other
systems, as all of the systems will utilise the same
traffic layouts and traffic generation algorithms. The
simulated traffic flows will consist of varied mixes of
vehicles (e.g., cars, trucks, etc.) and various pedestrian
types (e.g., slow-moving, fast-moving, etc.) and will
be randomly assigned to origin-destination (OD) pairs
of the various traffic flows. The pedestrian walking
rates and pedestrian crossing times will be calibrated
based on the pedestrian behaviour models as found in
[16].

4 DRL-PVTSM design
To create the DRL-PVTSM system, we combined
decentralised MARL with a model that coordinates
pedestrian and vehicular traffic flows with an adaptive
signal control system (SUMO). In this model, each
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intersection is controlled by its own DQN agent
and is able to make decisions based on local
traffic conditions. Every DQN agent can learn
from its own trial-and-error experience of traffic
signals. Our learning method differs from previous
vehicle-centric control methods by incorporating
both pedestrian behaviour and safety needs as
part of the decision-making process. To allow for
this mixed demand of traffic, we combine both
the amount of vehicles waiting in vehicle queues
(in the form of densities) and the number of
pedestrians waiting in pedestrian queues (in the
form of densities) to form our state representation.
We create a cyclical phase encoding scheme that
can dynamically extend green signal times based on
whether or not pedestrian crossings are still active.
Additionally, we have developed a reward function
that balances the efficiency objectives of traffic signals
with the pedestrian priority objectives. We have also
incorporated some new techniques to accelerate the
learning process for the DQN agents, including a
method for assigning priorities for experience replay,
the use of ε-greedy exploration, and parallel simulation
of DQN agents. The design of this ATSC is also
intended to be practical, safe, and scalable based on
actual constraints that exist at intersections in urban
areas.

Algorithm 1: DRL-PVTSM training procedure.
1: Initialise SUMO environment
2: for each intersection agent i do
3: Initialise DQN parameters θi and target

network θ−i
4: Initialise replay buffer Di

5: end for
6: for each episode do
7: Reset environment
8: for each time step do
9: for each agent i do
10: Observe state si
11: Select action ai using ε-greedy policy
12: end for
13: Execute joint actions in SUMO
14: Observe rewards ri and next states s′i
15: for each agent i do
16: Store (si, ai, ri, s′i) in Di

17: Sample mini-batch and update θi
18: end for
19: end for
20: end for

The DRL-PVTSM training method shown in
Algorithm 1 employs a decentralised independent
learning mode where an autonomous DQN agent
controls each signalised intersection and interacts with
the traffic environment through a simulation platform
known as SUMO. In each episode of training, the
simulation environment is reset and it will advance
or develop in discrete time periods, and at each of
those time periods, each agent will observe its local
environment which includes both vehicular and
pedestrian queue information and the active signal
phase. Each agent will then make a decision about a
control action by using an epsilon-greedy policy based
on its current Q-network. After the execution of the
control actions made by all agents in a synchronous
manner in the SUMO environment, the agents will
receive updates to their traffic states and will each
receive a locally computed reward based on the
performance of a particular control action according
to both pressure and safety factors. Each agent will
store the transition tuple in its replay buffer and will
periodically sample the replay buffer to update its
network parameters by using stochastic gradient
descent, while a separate target network will be
employed to enhance learning stability. While agents
are independently learning and are not requiring
mutual communication, the joint behaviours of all
agents in the SUMO traffic simulation are inherently
coordinated because all agents are connected to the
same traffic flow systems, and thus, the actions taken
by one agent may have an effect on the downstream
states that are received by its adjacent agents. By
enabling the use of this decentralised strategy for
training an agent, this method allows for decentralised
deployment and maintains real-time performance and
stable learning, in a multi-intersection urban network.

In our analysis of the simulation of the DRL-PVTSM
model, we focused on three different types of
configurations: 4 intersections by 4 intersections
(4x4), 1 intersection by 4 intersections (1x4), and 3
intersections by 3 intersections (3x3), as shown in
Figure 2. These different types of configurations are
represented as black dots on the urban road grid. For
this paper, we primarily use the 1x4 configuration
(Figure 2(a)) as our test case for analysis. The design
for this type of road grid consists of 16 sequential
intersections that are aligned in a vertical arrangement
of 4 streets, where each street is spaced apart from one
another by a horizontal distance of 500 metres. In the
simulation for all experiments presented in this article,
traffic flowswith amixture of vehicular and pedestrian
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traffic are generated at random from all parts of the
network to each of the 16 intersections, with the
origins and destinations of all vehicle and pedestrian
traffic being random throughout the network. Each
intersection has been assigned a separate agent that
operates as an autonomous agent and is trained to
control the timing of traffic signals at all intersections
based solely on information collected at the individual
intersection throughout the entire duration of the
experiment. By using a simplified design for the 1x4
grid to benchmark the ability to handle the directional
throughput fluctuations and the need for coordination
of traffic signal timings between the intersections
of the 4x4 design prior to moving on to testing of
the more complex designs, an overall improvement
in the ability to effectively manage the increased
densities and overall lengths of the road networks as
per the original intent of the research study will be
provided. The use of a modular road grid and the
opportunity to gradually increase the density of traffic
and network dimensions, as well as to continuously
evaluate the overall capability of each agent through
the training and evaluation phases, makes it possible
for us to assess the effectiveness of this model and to
subsequentlymake improvements to the overall design
of the DRL-PVTSM model.

5 Implementation
This investigation is inspired by the research of Xu et
al. [16]. To ensure consistency and comparability with
the original study, we replicated the topological road
networks described in their work when constructing
our experimental setup. In addition, to extend the
scope of the analysis and evaluate the robustness of the
proposed parameters, a third road network topology
(shown in Figure 3) was introduced, consisting of
147 nodes connected by 434 edges. Following the
methodology described in [16], each road segment
was set to a length of 500 meters, with sidewalks
added at a width of 3 meters. The vehicular traffic
component of the network was configured with a
maximum speed of 45 km/h. A key distinction in
this study lies in the pedestrian parameters, where
the maximum walking speed was set to 3 m/s
rather than matching the vehicular speed of 45 km/h.
By differentiating maximum walking and driving
speeds, this study examines the interactions between
vehicular traffic and pedestrians, and how these
interactions influence movement dynamics within the
road network over time. These parameter adjustments
broaden the analytical scope and contribute to a more
comprehensive understanding of mobility behavior in

a) 1×4 network

b) 4×4 network

c) 3×3 network
Figure 2. Road network topologies.

simulated urban environments.

5.1 Generating random roads and trips
To support the fair and unbiased execution of our study,
we have created a custom-built Python application to
randomly generate 224 unique combinations of trips
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Figure 3. Random road network topology.

Table 1. Results of the experiments.

Metric 1 × 4 3 × 3 4 × 4 Random
P V P V P V P V

Route length 1558.26 1821.50 1425.82 2113.40 1717.73 2496.35 1196.40 1886.95
Speed 13.18 14.22 15.52 5.27
Duration 1298.28 163.10 1183.87 163.43 1433.01 171.21 1173.97 400.80
Waiting time 54.35 45.56 44.35 264.81
Time loss 177.28 119.88 160.77 114.97 199.20 112.19 310.32 352.03
Depart delay 32.83 17.32 9.13 1.21

and roadways (scenarios) for both pedestrians and
vehicles. We have also developed a data converter that
exports all the data generated by our application into a
format that can be used with SUMO. The combination
of our Python application, a well-designed data
extractor, and SUMO creates an opportunity for
us to provide statistically meaningful output. The
followings provide a detailed look at the quantitative
data collected and analysed from our project. As part
of this, we will present these results in Table 1 for the
reader’s reference.
The primary intent in developing the custom Python
application was to provide a source of statistically
reliable information that would allow us to create
224 distinct combinations of trips and roadways that
were accurately representative of typical pedestrian
and vehicular interactions. The fact that the generated
combinations of trips and roadways were randomly
selected from an entire set creates an accurate
representation of a full complement of trip and road
interaction data for use within the context of our
research. As previously stated, our use of these tools
and technologies, combined with the fact that SUMO

has an established reputation as a leading microscopic
traffic simulation platform, lends credibility to the
methodology of our research and the process used
to collect and analyse the data.

All statistical outputs and results obtained from the
combination of SUMO and our Python application are
presented in Table 1 for review and analysis. This table
allows all interested parties to assess the simulation
results and find useful insights from our research.

5.2 Network-level trip generation and SUMO
integration

The process used to generate the findings in
Table 1 outlined in this subsection is defined in an
implementation-agnostic manner using algorithmic
abstractions and mathematical notation to facilitate
reproducibility, scalability, and compliance:

5.2.1 Network pre-processing and auxiliary operations
Let the traffic network be modelled as a directed graph

G = (V, E), (1)
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where V denotes the set of junctions and E represents
the set of directed road segments encoded in a
SUMO-compatible XML network file.

Algorithm 2: Edge identifier extraction.
Require: Network XML file Nxml
Ensure: Set of valid edges Evalid
1: Parse Nxml into an XML tree structure
2: for all edge elements e ∈ E do
3: Retrieve identifier id(e)
4: if id(e) satisfies directionality and semantic

constraints then
5: Evalid ← Evalid ∪ {id(e)}
6: end if
7: end for
8: return Evalid

5.2.2 Edge identifier extraction
The purpose of this step is to find the edges that can be
crossed for random origin-destination sampling. This
abstraction makes it possible to consistently sample
network elements, no matter how big or complicated
the topology is, and it is done following Algorithm 2.

5.2.3 Removal of pre-existing mobility entities
To ensure statistical independence across simulation
runs, all previously defined mobility entities are
eliminated from the route configuration file before
demand generation.

T = {vehicle,pedestrian}, (2)
Where T denote the entity types. The work done in
this section is explained in details in Algorithm 3

Algorithm 3: Entity purging procedure.
Require: Route file R, entity type τ ∈ T
Ensure: Cleaned route file R∗
1: Load all lines from R
2: for all lines ` in R do
3: if ` corresponds to entity type τ then
4: Discard `
5: else
6: Retain `
7: end if
8: end for
9: Rewrite retained lines to R∗

5.2.4 Stochastic trip and pedestrian demand generation
Let N denote the total number of mobility entities to
be generated. Two admissible edge subsets are defined

as
Estart, Eend ⊆ Evalid, (3)

corresponding to feasible origins and destinations.
For each entity i ∈ {1, . . . , N}, an origin–destination
pair is sampled such that

e
(i)
start 6= e

(i)
end. (4)

5.2.5 Entity instantiation model
Each mobility entity is instantiated as follows:
Vehicle Model

tripi = 〈idi, t
dep
i , e

(i)
start, e

(i)
end〉. (5)

Pedestrian Model

personi = 〈idi, t
dep
i ,walk(e(i)start, e

(i)
end)〉. (6)

In the mobility entity instantiation models, the index
i ∈ {1, 2, . . . , N} is the ID of a single mobility entity,
and N is the total number of entities created in the
simulation scenario. For vehicle-based mobility, tripi

refers to the i-th vehicle trip, and for walking-based
mobility, personi refers to the pedestrian entity that
goeswith it.The idi symbol stands for a unique number
that is given to the i-th mobility entity. This identifier
makes sure that entities can be clearly referenced and
tracked during the simulation process.The parameter
t
dep
i tells you when the i-th entity will leave, in
simulation seconds, and when it will become active in
the traffic network.
The letters e(i)start and e

(i)
end stand for the starting and

ending edges of the i-th mobility entity. Both edges are
chosen from predefined sets of acceptable edges, with
Estart for origins and Eend for destinations. These sets
are based on the network topology. To stop degenerate
trips and make sure that mobility trajectories are
meaningful, the condition e(i)start 6= e

(i)
end is enforced.

The ordered tuple 〈·〉 represents the combination of
the various structured features of each mobility entity
(such as identifying characteristics, time characteristics
and location characteristics). When a mobility entity
is created, it is incorporated into the SUMO simulation
route file; this process activates the mobility entity
in the SUMO execution environment and allows it to
engage in subsequent traffic dynamics.

5.2.6 Closed-Loop Simulation Execution
The simulation evolves in discrete time steps k ∈ N
and follows the steps explained in Algorithm 4.
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Algorithm 4: Simulation control loop.
1: Initialise connection
2: for k = 1 to kmax do
3: Advance simulation by one step
4: Query active vehicle count V (k)
5: Query active pedestrian count P (k)
6: if V (k) = 0 and P (k) = 0 and k > 1 then
7: break
8: end if
9: end for
10: Close connection

5.2.7 Reproducibility and Scalability Considerations
The proposed system meets strict methodological
standards due to its provision of a generic abstract
method that allows replication and portability to
multiple simulation environments. A statistically valid
demand-generating model ensures traffic patterns
generated with this framework are representative
of real-world use cases and are also free from bias
in the selection of origin and destination locations,
both of which can impact traffic volume. The
integration of near real-time simulation management
capabilities allows the fine monitoring of simulations
and affords the option for immediate correction during
the execution of the simulation. In addition, since
the architecture is highly scalable, it can be easily
applied to urban transportation networks of varying
sizes and complexity levels. Collectively, these features
support the use of DRL-PVTSM system for developing
additional extensions that involve the integration
of optimisation-based control methods, advanced
algorithms, and multimodal traffic analyses.

6 Results
Analysis of the experimental results reveals that
increasing network architectural complexity has
multi-dimensional effects on traffic performance.
While average vehicle waiting time decreased
from 54.35 seconds in the 1×4 network to 44.35
seconds in the 4×4 network—representing an 18.4%
reduction—average trip duration exhibited a slight
increase from 163.10 seconds to 171.21 seconds,
reflecting longer travel distances in more complex
networks. This trade-off suggests that theDRL-PVTSM
framework effectively prioritizes the reduction of stop
delays, a key factor in user experience, even as total
path length increases. Car delays at intersections
exhibited a similar trend, tending to decrease with
increased network complexity. The most favourable

results of our research on time loss were from the 3
× 3 configuration of road networks as it relates to
pedestrian movement.
Additionally, our findings also indicate a positive
relationship exists between 1) the level of complexity
in the architecture of the road network, 2) the level
of speed that cars moved at, and 3) the duration of
travel of cars through the network. The addition of
more intersections to the road network resulted in
cars travelling at higher speeds and taking longer to
get from one point to another. It looks like creating
more intersections means more vehicle networks flow
dynamics. To be precise and clear in this point we can
say that there are so many different ways that design
can change the way a network works.When you build
a new network, you will affect the amount of time it
takes for a vehicle to get to the destination and the
enjoyment/comfort level of a person traveling along
that network.

7 Future directions
The future of technology will be marked by advances
in 6G wireless communications capabilities, as well as
the growth of EC, which will significantly enhance
our ability to collect location-based data on where
pedestrians are located and to track them over time
(i.e., how they are moving) as they traverse through
urban environments [18]. The use of innovative and
state-of-the-art methods will help us solve the existing
problems with the usability and performance of many
urban transit and transportation systems.
There is an opportunity to further examine how UAVs
combined with AI may be utilised in future research
on intelligent drone networks to improve monitoring
of traffic conditions. It would be possible to develop
an optimal and real-time monitoring regime that not
only tracks vehicular movement but also provides
for an opportunity to improve street-level efficiency
and, thereby, enhance urban mobility based on the
functionality of both modern UAV platforms and
intelligent algorithm functionality provided through
AI.
The concept of smart crosswalks that integrate sensor
technology is another fascinating area of future
study. Smart crosswalks equipped with sensor
technology would allow for the generation and
processing of data related to both pedestrian and
vehicular traffic and would provide opportunities
for the intelligent analysis of that data, allowing for
automatic adjustment of traffic signal synchronisation
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to create safer and more efficient pedestrian crossings
and for the better overall management of urban traffic.
Multi-modal integration is an exciting future research
opportunity and involves utilising AI algorithms to
provide a comprehensive urban mobility solution [20].
For example, AI algorithms can create a fully
integrated urban mobility system that integrates the
use of all modes of transportation (cars, bicycles,
walkers, buses, etc.) into one seamless transportation
network. By intelligently developing and deploying
comprehensive AI algorithms to account for all
aspects of the environment in which many modes of
transportation operate together, we can create a more
comprehensive, efficient and effective transportation
system.
There are many possibilities for diverse types of
research and creativity within intelligent urban
mobility, and the opportunities presented by new
technologies, including 6G, EC, UAVs, and AI, will
support the enhancement of pedestrian safety, the
improvement of the control of traffic flow, and the
development of a more interconnected and sustainable
urban transportation system. This is just one aspect of
potential work to be accomplished and demonstrates
why an interdisciplinary approach is vital in
considering urban mobility and transportation’s many
complex challenges moving forward.

8 Conclusion
In this work, we developed a decentralised traffic
management system that resolves a basic disadvantage
of DRL-based approaches which is that they are
primarily vehicle-centric of transportation. Using the
anticipated capabilities that will be available through
the 6G network, we created a DRL-PVTSM model
that allowed pedestrian dynamics to be integrated
into how variable signal control is executed in
real-time. This proposed model allows a balanced
optimisation between preserving traffic efficiency
and ensuring pedestrian safety, while preserving
both scaling and computation efficiency at the
same time. In our proof-of-concept simulation of
both structured and random urban networks, we
demonstrated statistically significant improvements
when compared to fixed-time, vehicle-only adaptive,
and centralised-control approaches. Reduced waiting
times for pedestrians, reduced delays or vehicle
downtime and lower overall system congestion all
indicate that by using a pressure-based reward
mechanism and a decentralised learning method,
we were able to achieve our goal of effectively

supporting the needs of both pedestrians and
vehicles with our new approach. The data also
indicates that increasing the number of vehicles in a
distributed network does not degrade performance,
which confirms and supports our conclusion that
the proposed approach is appropriate to be used
in large-scale urban environments. In addition to
the immediate performance improvements provided,
we have developed a model that allows us to treat
pedestrians equally and not simply as a limiting
condition, thereby creating the basis for developing
intelligent urban transportation systems utilising these
new technologies. With the development of wireless
networks, edge intelligence, and next-generation
sensor technology, our proposed DRL-PVTSM will
allow urban environments to utilise the most efficient
and equitable ways of managing mixed vehicle traffic.
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