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Abstract: Traffic congestion and the search for parking spaces have become significant
challenges in modern urban development. These issues lead to increased fuel consumption
and contribute to stressful lifestyles. To address this, efficient parking allocation has
emerged as a challenge in urban environments, requiring innovative solutions to optimize
the use of available parking spaces. Various approaches have been employed to tackle this
problem, including mathematical programming and heuristic procedures, which typically
follow a centralized model. Another promising solution involves the use of multi-agent
systems (MASs), which adopt a decentralized approach. However, there is limited research
on the application of MASs in parking allocation. This paper presents a multi-agent system
where intelligent agents represent vehicles and parking spaces to efficiently allocate parking
spaces to cars. The paper evaluates four coordination mechanisms based on the Contract
Net Protocol for parking allocation. The results show that the concurrent use of the Contract
Net Protocol with decommitment capacities is the most effective approach, as it reduces
the time required for parking space allocation while optimizing the utilization of available
parking spaces.

Keywords: multi-agent systems; smart cities; contract net protocol; intelligent parking
systems

1. Introduction
Traffic congestion and the search for parking have become serious problems in current

urban development. Studies reveal that drivers spend an average of more than eight min-
utes daily searching for parking, representing 30% of traffic in large cities [1]. Moreover, this
issue is made worse by additional factors, such as increased fuel consumption and stressful
lifestyles [2,3]. The continuous growth of population and vehicle mobility contributes to
congestion, affecting the quality of life for residents and having a negative impact on the
environment [4]. Hereafter, we refer to this as the parking allocation problem.

The solution to this problem requires an integrated approach, including a smart and
efficient parking management system. This system should provide real-time information
on available parking, offering the best option based on the driver’s location and needs.
It should consider various criteria, such as proximity to the destination, cost, safety, and
traffic flow, and be able to handle multiple allocation requests simultaneously to avoid
congestion and optimize the user experience [4].

To address the time spent searching for parking, researchers have explored various
parking demand management strategies, such as dynamic parking pricing, negotiable
parking permits, and parking time limits [5]. The study by [6] offers an extensive review of
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modeling, solutions, and technologies related to smart parking, also identifying challenges
and pending issues in this field. In addition, the rise of Artificial Intelligence applications
in the automotive industry has driven an increasing demand for smart parking solutions.

One approach used to solve the parking allocation problem is multi-agent systems.
Multi-agent systems are structures composed of multiple autonomous agents interacting
with each other to solve complex problems that are difficult for a single agent to tackle. The
benefits of MASs include the ability to manage decentralized control, flexibility to adapt to
changes in the environment, and robustness against failures. These and other benefits make
MASs a good alternative for applications in areas such as logistics, traffic management,
electrical vehicles, and robotics, where collaboration and distributed decision-making are
essential [7–10].

In this paper, we propose a MAS where intelligent agents represent vehicles and
parking spaces from the real world. These agents interact with each other through a
negotiation protocol, which allocates parking spaces to vehicles considering various criteria,
such as passengers’ final destinations, vehicle characteristics, and parking spaces features.
We compare four different ways of applying the negotiation protocol: serial, serial with
decommitment, concurrent, and concurrent with decommitment. The comparison aims
to determine which of these protocols provides the fastest response time and the highest-
quality allocations. A key innovation of this work is the in-depth analysis of communication
mechanisms within the MASs, evaluating their impact on efficiency and allocation quality,
which has been unexplored in previous studies.

The remainder of the research is structured as follows: Section 2 presents related works
focusing on those using multi-agent systems. Section 3 shows the methodology applied.
Section 4 provides a discussion. Finally, Section 5 concludes the paper.

2. Related Work
Smart parking solutions literature is very wide and diversified. In [6] the authors

provide a large survey on smart parking modeling, solutions, and technologies as well as
identify challenges and open issues. The article is a good starting point to understand the
problem, the different solution strategies, and learn about some real applications. Next,
and because our work is related to multi-agent systems, we present some work where this
technology has been used to solve the parking allocation problem.

Murano et al. [3] examined the parking problem as a competitive multiplayer game
in which each car acts as an interacting agent aiming to find an available parking that
meets its specific constraints. The objective is to park as many cars as possible while
meeting their requirements, such as parking within a certain timeframe and adhering to
resilience limits, ultimately achieving a Nash Equilibrium for the game. However, this
study only considers a scenario with a single gate and proposes a solution for this specific
case, without considering that many parking areas (like those for hospitals, offices, and
malls) have multiple gates.

Hassine et al. [2] proposed a dynamic parking charging system designed to optimize
parking management demands. Their smart dynamic parking pricing system uses a multi-
agent framework to adjust parking prices in real-time according to current supply and
demand. This approach aims to reduce traffic congestion and ensure optimal utilization
of parking, especially during peak hours. Drivers make reservations by receiving the
current parking prices, but a notable limitation is the system’s reliance on a central agent
to communicate with parking agents. If this central agent fails, it risks the entire system’s
functionality. The negotiation between agents is managed through a Contract Net Protocol.

Khalidi et al. [4] propose a conceptual multi-agent system designed to handle all key
functions within a smart parking system. Autonomous agents manage various services,
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such as reservations, parking, and security, ensuring efficient communication and collabora-
tion to provide optimized parking allocations to customers. Central agents are responsible
for specific tasks; for instance, the reservation agent handles customer interactions to secure
parking in designated areas. However, the system’s reliability could be compromised if
any of these central agents were to fail.

Zhang et al. [5] propose a multi-agent reinforcement learning (MARL) framework to
address the optimal parking assignment (OPA) problem by reducing travel time for both
connected vehicles (CVs) and non-connected vehicles (NCVs). The framework utilizes a
modified exploration strategy to observe and dispatch CVs to suitable parking, ensuring
efficient parking allocation at varying CV penetration rates. The model was tested through
simulations based on real scenarios from Tongji University’s campus, showing promising
results. Additionally, the framework includes two agents: one dedicated to assessing the
impact of NCVs, while the other focuses on exploring CV parking dynamics. Experimental
results show that this approach improves parking resource allocation by up to 15% com-
pared to existing benchmarks, demonstrating its potential for enhancing OPA strategies in
urban environments.

Rizvi et al. [11] propose a Multi-Agent Auction-based Parking (MAPark) system for
smart cities, utilizing IoT infrastructure. It introduces a unified reservation and demand-
based pricing strategy incorporating practical parking preferences from both drivers and
parking facility providers (PFPs). These preferences include parking type, maximum price,
and maximum walking time for drivers, and passenger throughput, driver punctuality
record, and monetary value for PFPs. The auction-based parking system positively impacts
drivers’ responses to pricing policies, reducing urban traffic congestion and maximizing
parking revenue and passenger throughput. The proposed solution uses a request center to
manage all the received requests from users. Nevertheless, although the authors ensure
that individual rationality and budget balance are maintained, they do not elaborate on
how their auction mechanism supports allocative efficiency.

Jioudi et al. [12] provide an examination of the evolution of the smart parking concept
and conducts statistical analysis on published patent applications. Subsequently, a novel
multi-agent architecture is introduced to oversee smart parking management. The proposed
solution employs distinct agents for various tasks. For example, one agent oversees parking
allocation, other handles bookings, a separate agent facilitates communication between
agents, and a pricing agent regulates parking occupancy and updates parking prices at
predetermined intervals.

Boudali and Ben [13] present a parking system that employs a multi-agent approach
to offer real-time decision support for drivers based on their preferences and operational
constraints. This is formulated as a multicriteria decision-making problem known as
the multicriteria parking reservation problem. Parking allocation is updated to prevent
reservation conflicts and ensure constraint satisfaction. Following reservation, a guidance
module assists drivers in reaching their reserved parking via the shortest path. Simulation
results demonstrate the system’s effectiveness in various real-world scenarios.

In summary, the parking allocation problem has been addressed using multi-agent
systems in various ways. However, many of these studies suffer from various shortcomings
when applied to find appropriate solutions to this problem. The following research gaps
are concluded based on the previous works that were analyzed in the literature:

1. The use of centralized agents to handle car requests or critical system tasks poses
a vulnerability. If these agents fail, the systems could become unusable. Also, this
centralized use of agents underutilized the parallel processing capacities of MASs.

2. Few studies consider open (ungated) and free parking. Most focus on closed parking
lots and those with fees, some of which use entry gates.
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3. There is a lack of in-depth studies on the interaction mechanisms used in the pro-
posed MASs.

4. Most of the articles use agents in a functional way, meaning they perform specific tasks.

Our work covers the four points above but focuses on the last two gaps: studying and
evaluating different ways to apply protocols to negotiate with each other on behalf of their
real-world representation. In this way, we leverage some of the main strengths of MASs:
parallel processing capabilities and high fault tolerance by not having agents that centralize
certain tasks.

3. Methodology
The methodology employed in this study was structured around three key stages:

defining the problem, designing and implementing a multi-agent system, and evaluating its
performance. The following subsections provide a detailed description of this methodology.

3.1. Problem Statement

The parking allocation problem that we are facing involves allocating n cars to n
parking spaces, where each car has a designated destination, a specific type (e.g., ambulance,
disabled, police, etc.), and a certain size. Each parking space is restricted not only by the
types of cars allowed but also by the size of the parking space, which must be appropriate
for the car. There are two objectives to achieve this. The first one is to minimize the total
distance traveled, considering a weighted distance: 0.4 for the distance from the car to
the parking space, and 0.6 for the distance from the parking space to the car’s destination.
These values represent weighting coefficients. Their selection was arbitrary and reflects
a slight preference for minimizing the walking distance for passengers over reducing the
distance the car must travel to reach the parking lot.

The second objective is to minimize the distance traveled from the current position of
a car to a parking space. Additionally, a car can only be allocated to a parking space if both
the parking space type matches the car’s type and the car physically fits in the parking
space, adding a size compatibility constraint to the allocation process. The problem is for-
mulated as multi-objective linear optimization problem, requiring optimization techniques
to find the optimal allocation under these constraints. Table 1 shows the terms used in
the formulation.

Table 1. Terms used in the formulation.

Term Description

A = {a1, a2, . . ., an} Set of n cars.
P = {p1, p2, . . ., pn} Set of n parking spaces.
D = {d1, d2, . . ., dn} Set of n destinations, where each car ai has a destination di.
dai,pj Distance from car ai to parking space pj.
dpj,ai Distance from parking space pj to the destination di of car ai.

xij
Binary decision variable: xij = 1 if car ai is allocated to parking
space pj, otherwise xij = 0.

τ(ai) Type of car ai (e.g., ambulance, police, normal).

τ(pj)
Type of parking space pj allowed to accommodate certain types
of cars.

s(ai) Size of car ai.

s(pj)
Size of parking space pj, representing the maximum size of a car
that can be parked there.
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Table 1. Cont.

Term Description

mij
Binary compatibility matrix, where mij = 1 if car ai is allowed to
park in space pj based on type compatibility, otherwise mij = 0.

yij
Binary size compatibility matrix, where yij = 1 if car ai fits in space
pj, otherwise yij = 0.

w1 = 0.4 Weight for the distance from the car to the parking space.

w2 = 0.6 Weight for the distance from the parking space to the car’s
destination.

Objective Functions

Min
n

∑
i=1

n

∑
j=1

(w1·dai,pj+w2·dpj, ai)·xij (1)

Min
n

∑
i=1

n

∑
j=1

dpj,ai·xij (2)

Constraints
xij ≤ mij∀i, j (3)

xij ≤ yij∀i, j (4)

n

∑
i=1

xij = 1∀i = 1, 2, . . . n (5)

n

∑
j=1

xij = 1∀j = 1, 2, . . . n (6)

xij ∈ {0, 1} ∀i, j (7)

The first objective function (1) minimizes the total distance traveled for allocated cars
to parking spaces, considering both the weighted distance from the car to the parking space
(with weight w1 = 0.4) and the distance from the parking space to the car’s destination
(with weight w2 = 0.6). The second objective function (2) minimizes the distance traveled
from the current position of a car to a parking space. The allocation is subject to several
constraints. First, the type of compatibility constraint (3) ensures that a car can only be
allocated to a parking space if the parking space allows that type of car. Second, the size
compatibility constraint (4) ensures that a car can only be allocated to a parking space if
the parking space is large enough to fit the car. Additionally, each car must be allocated
to exactly one parking space (5), and each parking space can only accommodate one car
(6). Finally, the decision variables xij are binary, indicating whether a car is allocated to a
specific parking space (7). This formulation leads to a multi-objective linear optimization
problem that seeks an optimal solution under these constraints.

3.2. The Multi-Agent System for Parking Allocation

The objective of the proposed multi-agent system for addressing the parking allocation
problem is to provide a parking allocation considering drivers’ preferences and car and
parking features. Figure 1 shows an overall logical framework.



Electronics 2025, 14, 840 6 of 14Electronics 2025, 14, x FOR PEER REVIEW 6 of 15 
 

 

 

Figure 1. Visual representation of a real-world parking problem and the multi-agent system that 
represents it. The upper section illustrates the parking search by vehicles, while the lower section 
shows agents that represent entities from the real world interacting with each other for parking 
allocation. PSA means ParkingSpaceAgent. 

The proposed MAS involves agents that represent real-world entities. The following 
subsections describe the agents, the coordination mechanism, and the agent decision mak-
ing. 

3.2.1. Agents 

The agents implemented in the multi-agent system are the carAgents and the 
parkingAgents. A carAgent represents a car from the real world in search of a parking 
space. On the other hand, a parkingAgent represents a parking space from the real world. 
Table 2 provides a description of the agents and their roles. 

Table 2. Agent description. 

Agent Real-World 
Representation 

Objective Properties 

carAgent Car 

Finding a parking space as 
close as possible to its desti-
nation and as close as possi-

ble to its current position 

- current position 
- destination 
- size 
- type (e.g., normal, 

ambulance, fire 
truck)  

parkingAgent Parking Being used by the nearest ve-
hicle that requires it 

- position 
- size 
- type (e.g., normal, for 

disabled, pregnancy) 
  

Figure 1. Visual representation of a real-world parking problem and the multi-agent system that
represents it. The upper section illustrates the parking search by vehicles, while the lower section
shows agents that represent entities from the real world interacting with each other for parking
allocation. PSA means ParkingSpaceAgent.

The proposed MAS involves agents that represent real-world entities. The fol-
lowing subsections describe the agents, the coordination mechanism, and the agent
decision making.

3.2.1. Agents

The agents implemented in the multi-agent system are the carAgents and the parkingA-
gents. A carAgent represents a car from the real world in search of a parking space. On
the other hand, a parkingAgent represents a parking space from the real world. Table 2
provides a description of the agents and their roles.

Table 2. Agent description.

Agent Real-World
Representation Objective Properties

carAgent Car

Finding a parking
space as close as

possible to its
destination and as
close as possible to
its current position

- current position
- destination
- size
- type (e.g., normal,

ambulance, fire
truck)

parkingAgent Parking
Being used by the

nearest vehicle that
requires it

- position
- size
- type (e.g., normal,

for disabled,
pregnancy)
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3.2.2. Coordination Mechanisms in the Multi-Agent System

The agents interact with each other by applying the well-known Contract Net Protocol
(CNP) [14]. In the context of the proposed MAS for the parking allocation problem, the
CNP works as follows: a carAgent initiates a negotiation with parkingAgents sending them
a call-for-proposals message (CFP). The CFP points out the characteristics of the car and
the destination of the passengers. When a parkingAgent receives a CFP, it evaluates and
decide to send a proposal message. The proposal points out the distance from the parking
space to the destination of the passengers and the location of the parking space. When the
carAgent receives all the proposal messages from the parkingAgents, or when the deadline
is expired, it looks for the best proposal. The best proposal is the one that proposes the
shortest distance to the destination of the passengers and the nearest parking space to its
current position. Then, the carAgent sends an accept message to the parkingAgent that
proposed the best proposal and sends a rejection message to the other parkingAgents that
sent a proposal. After this, the car that is represented by the carAgent that initiated the
negotiation starts the trip to the parking space and the negotiation is then finished. Figure 2
depicts the interactions among the agents applying the Contract Net Protocol.
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Figure 2. The Contract Net Protocol [14]. The diagram depicts the interaction between an initiator and
a participant, detailing the message exchange process, including call-for-proposals (CFP), proposals,
acceptance, rejection, and completion notifications.

The CNP can be applied in different ways. For instance, one way is a serial way.
Another way is a concurrent application, this means that several CNPs work in parallel. To
know which application of the CNP is more appropriate, we implemented four different
variations of the application of the CNP: serial, serial with decommitment, concurrent, and
concurrent with decommitment.

Serial: This is simplest way. One carAgent starts a negotiation and the other carAgents
wait until the negotiation is finished. After the negotiation is finished, another carAgent
starts a negotiation and so on. In this case, if a parkingAgent receives an accept-message (it
means that the parking space will be reserved for a car), this parkingAgent is not able to
take part in another negotiation.

Serial with decommitment: This case is a variation of the previous one. Unlike before,
if a parking space has been reserved for a car, the parkingAgent it represents can still
engage in other negotiations. If another negotiation is more favorable, it withdraws from
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the previous negotiation and accepts the new one. This means that the carAgent affected
by the withdrawal must initiate a new negotiation to find a new parking space.

Concurrent: In this case, carAgents can request parking spaces in parallel, resulting
in parkingAgents receiving multiple CFPs. The parkingAgents send their proposals, and
upon receiving an acceptance, they reject all other acceptances and do not engage in further
negotiations. In this context, it is possible for parkingAgents to reject a CFP that is a better
option than a previously answered CFP. This issue is also known as “the eager bidder
problem” [15].

Concurrent with decommitment: This case is a variation of the previous one. This
variation faces with “the eager bidder problem” adding a decommitment stage. Unlike
before, if a parking space has been allocated to a car, the parkingAgent it represents can
still engage in other concurrent negotiations. If another negotiation is more favorable,
it withdraws from the previous negotiation and accepts the new one. This means that
the carAgent affected by the withdrawal must initiate a new negotiation to find a new
parking space.

3.2.3. Agent Decision-Making

A carAgent is the agent that initiates a negotiation process using the CNP. To decide
what is the best proposal received from the parkingAgents, the carAgents evaluate all the
proposals received using a utility function. This function promotes those proposals that
minimize the distance from the parking space to the passengers’ destination and are closer
to the cars. Then, the function to select the best proposal is:

pbest = min
(
0.4·dai,pj + 0.6·dpj,ai

)
, ∀ i ∈ {1, 2, . . . ., n} (8)

In the case of a parkingAgent must decide whether to send a proposal. If the parking
space is already allocated, or its type does not match the car’s type, or if the parking space
is smaller than the car, it will not send a proposal. If it decides to send a proposal, it will
indicate its position and the distance to the passengers’ destination. Additionally, in the
case of protocols with decommitment, the parkingAgent may decide to decommit and to
take part in another negotiation even if the parking space is allocated to another car. This
will happen if it receives a CFP message that improves its chances of fulfilling its objective.
This could occur if a car is closer to the parking space.

3.2.4. MAS Implementation

The MAS was developed using the Java Agent DEvelopment framework (JADE 4.6.0)
platform [16]. JADE is an appropriate toolkit for implementing multi-agent systems as
it offers various interaction protocols, behaviors, and graphical tools for analyzing agent
behavior and system performance. Since JADE is built in JAVA 1.8, it is compatible with all
operating systems. All experiments were conducted on a MacBook Pro equipped with an
Apple M2 Pro chip, with 16 GB of RAM.

3.3. Evaluation

To evaluate the different applications of the CNP, we simulated a hypothetical scenario.
The aim of the simulation was to determine the required time by the MAS to allocate parking
spaces to cars and the quality of the allocation. The proposed MAS and the simulation were
run on the JADE platform. The following subsections describe the simulation setup and
the results.
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3.3.1. Simulation Setup

We evaluated the performance of the MAS in a scenario with 1000 cars and 1000 park-
ing spaces, representing small city centers without gates or restricted entries. The distances
between cars and parking spaces range from 1 to 1000 m, with 500 distinct destinations.
Cars are randomly distributed across various locations and each car is assigned a specific
destination. All 1000 cars simultaneously request parking spaces in a simulation lasting
5 min.

An important factor in the simulation is the protocol deadline, which impacts ne-
gotiation delays. A longer deadline allows messages to be received and processed more
thoroughly but increases negotiation time. Conversely, a shorter deadline speeds up nego-
tiations but risks lower allocation quality, as late-arriving messages may be discarded. For
this experiment, the protocol deadline was set to 4000 ms to balance negotiation speed and
allocation efficiency.

3.3.2. Results

The aim of this study was to assess the effectiveness of a multi-agent system for
optimizing parking allocation in smart cities, with a particular focus on negotiation proto-
cols. The analysis of the results is presented from two perspectives: negotiation protocol
efficiency and the quality of parking allocations. Table 3 provides the results.

Table 3. Results for serial, concurrent, serial decommit, and concurrent decommit.

Criteria Serial Concurrent Serial
Decommit

Concurrent
Decommit

Number of negotiations 493 1020 324 1919
Successful negotiations 493 1000 301 1060

Failed negotiations 0 20 23 859
Number of decommits 0 0 21 271

Number of allocated cars 493 1000 280 789
Max duration (ms) 1638 4057 4360 7126
Min duration (ms) 87 39 206 396

Total distance to parking (km) 15,064 45,340 6944 17,802
Quality of allocations * 30.55 45.34 24.8 22.57

* Total distance to parking/number of cars allocated.

Negotiation Results

Successful negotiations are those that end with a parkingAgent that confirm the
accept message received from a carAgent, while failed negotiations are those when the
carAgent did not receive proposals, or because a possible parkingAgent did not confirm
the accept message received from a carAgent. The latter happens when the parkingAgent
has confirmed the accept message received in another negotiation. The latter occurs in
negotiations with decommitment.

The results show that serial negotiations are those that achieve fewer successful
negotiations compared to concurrent negotiations. This is clearly explained by the nature
of the negotiation: parallel negotiations allow for more negotiations. In the case of the serial
negotiation, it achieves 493 successful negotiations and the serial decommit negotiation
achieves 301. The difference is explained because in the serial decommit negotiation some
negotiations must be repeated due to the non-commitment of some stationary agents.
Therefore, in the time that the simulation lasts, it achieves fewer successful negotiations. In
contrast, concurrent negotiations achieve over 1000 successful negotiations.

Figure 3 shows the distribution of the negotiation times. It can be observed that the
serial, serial decommitment, and concurrent negotiations have similar average duration
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times and are under 1000 ms. On the other hand, the negotiations in the concurrent
decommitment mostly reach the established deadline (4000 ms). The difference between
concurrent decommitment and concurrent is explained by the fact that in concurrent the
number of agents participating in the negotiations decreases, and as there are fewer agents
participating, the negotiation is faster. On the other hand, in concurrent decommitment,
the number of agents does not decrease, since they are always participating in other
negotiations with the objective of finding a better agreement in another negotiation. This
results in more messages being sent and therefore more processing.
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Figure 3. Boxplot showing the duration of negotiations in milliseconds across four configurations:
serial, serial with decommit, concurrent, and concurrent with decommit.

Figure 4 shows the time that the MASs take to allocate all the cars. The graph illus-
trates the performance of the MASs in assigning 1000 cars to parking spaces over time
applying the concurrent with decommitment application of the CNP. The x-axis represents
time in milliseconds and the y-axis indicates the number of cars successfully assigned.
The upward trend shows a progressive allocation process. Initially, the allocation rate is
steep, indicating quick initial assignments. However, as time progresses, the slope de-
creases, suggesting a slower allocation rate as fewer parking spaces remain available. By
approximately 300,000 milliseconds, the system approaches full allocation, successfully
assigning all 1000 cars. The results obtained are influenced by the fact that the simulation
was executed on a single computer, leading to high processing demands. In a real-world
system, where agents operate on distributed devices with their own processing capabil-
ities, the performance would likely improve. Each device would independently handle
its respective agent’s operations, reducing computational bottlenecks and improving the
overall efficiency of the allocation process. This decentralized execution would result in
faster responses and better scalability, optimizing resource utilization in real-time park-
ing scenarios.

Quality of Allocations

The quality of allocation is evaluated by considering the number of cars allocated to
parking spaces and the total number that cars must travel to reach their allocated parking
space. Here, negotiations that allow dynamic adjustments, such as serial decommit and
concurrent decommit, stand out. In the case of concurrent decommit, the best quality is
achieved with an average distance of 22.57, followed by serial decommit with 24.8. This is
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because decommits allow agents to improve their allocations, resulting in closer parking
spaces for cars.
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On the other hand, negotiations without decommits, such as serial and concurrent,
prioritize the number of allocated cars over individual optimization. Concurrent allo-
cates 1000 cars with a higher average distance (45.34), indicating less optimization in
allocations due to the lack of renegotiations for optimizing. Serial, although efficient and
with an average distance of 30.55, does not reach the quality levels observed in strategies
with decommits.

In general terms, serial decommit and concurrent decommit offer better results when
the priority is to maximize the quality of the allocations, while serial and concurrent are
ideal for situations where it is more important to allocate a larger number of cars quickly
and stably. Figure 5 shows how the quality of the allocations progresses over time.
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4. Discussion
Serial negotiations tend to take longer than concurrent negotiations due to the sequen-

tial nature of the process. In serial negotiations, each agent must wait for the previous one
to complete its negotiation before starting its own, which increases waiting times and total
allocation time. Concurrent negotiations, on the other hand, allow all agents to negotiate
simultaneously, significantly reducing allocation times. The main advantage of concurrent
negotiations is that they leverage parallelism, enabling the system to complete multiple al-
locations in a shorter period. This approach aligns with strategies discussed in multi-agent
systems, where managing several negotiation processes in parallel can optimize the length
of negotiations among agents [17].

Negotiations with decommitment, while adding flexibility and allowing for more
optimal reallocations, often lengthen negotiation time compared to negotiations without
decommitment. With decommitment, agents can change their decision if they find a
more favorable option, necessitating re-negotiation. This introduces more complexity and
additional processes, extending the total time. Conversely, non-commitment negotiations
are faster because once an agent has made an allocation, it remains fixed, with no option
for subsequent changes. This also implies that the agent does not participate in future
negotiations, allowing negotiations with fewer participants and is therefore faster, as the
initiator has fewer proposals to evaluate. The trade-off between flexibility and efficiency in
agent negotiations has been explored in others application of MASs, highlighting the need
for strategies that balance these aspects [18].

Negotiations with decommitment tend to produce higher-quality allocations, as they
allow agents to change their allocation if a more favorable option arises. This leads to
dynamic optimization, where agents can search for and secure the most suitable parking
space based on changing circumstances. However, negotiations without decommitment,
although faster, can result in suboptimal allocations, since agents are forced to stick to their
first decision, even if a better option appears later. Therefore, decommitment improves
quality but at the cost of increased time and complexity in the negotiation. The concept of
decommitment in competitive multi-agent environments has been studied to understand
its impact on negotiation outcomes.

Despite the positive results obtained, the proposed multi-agent system presents some
limitations that must be considered for implementation in large-scale scenarios. One of
the main limitations is scalability; increasing the number of agents (vehicles and parking
spaces) and the volume of exchanged messages can significantly increase negotiation time
and computational resource consumption. This issue has been previously highlighted in
large-scale MAS applications, where communication overhead can impair system respon-
siveness [19,20]. Additionally, practical challenges include technological infrastructure
constraints, such as the availability of stable, low-latency communication networks and
the deployment of IoT devices that enable continuous interaction between agents and
the physical environment. The integration of IoT and machine learning methods has
been proposed to enhance parking management systems, effectively managing parking
spaces by using real-time data and predictive algorithms [21]. To address these limitations
in future research, it is suggested to integrate predictive algorithms based on machine
learning that anticipate parking availability and reduce the need for real-time negotiations.
Techniques such as proximity filtering and batch message aggregation could also optimize
communication between agents, minimizing processing delays. Finally, the use of agent
clustering and the allocation of specific roles to leader agents can enhance negotiation effi-
ciency in highly congested urban environments, ensuring that the system remains robust
and scalable. Implementing a decentralized strategy for multi-agent systems can further
improve scalability and efficiency in such settings.
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5. Conclusions and Future Work
Throughout this research, an analysis of concurrent and serial negotiation strategies

in multi-agent systems has been carried out, with and without the implementation of
decommits. The results obtained have revealed that the concurrent strategy tends to have
a better performance in terms of the number of accepted agreements and the time of
allocation of parking spaces, particularly when decommitment is allowed, which suggests
greater flexibility and adaptability.

Future work will focus on simulating dynamic scenarios with continuous vehicle flow
while also introducing enhancements to the Contract Net Protocol in its concurrent version
with decommitment. These modifications aim to reduce negotiation times by optimizing the
coordination process between agents. By streamlining communication and decision-making
steps, the system can achieve faster convergence on parking allocations, even in complex
and high-demand environments. Evaluating these improvements in simulated dynamic
scenarios will provide insights into the protocol’s efficiency and scalability, ensuring its
applicability to real-world urban challenges. Additionally, future research should consider
dynamically adjusting the weighting coefficients used in the decision-making process based
on the state of the system. By adapting these values in real time, the system can prioritize
either minimizing walking distance for passengers or reducing vehicle travel distance
depending on traffic conditions, parking demand, and other environmental factors. This
adaptive approach would enhance the flexibility and responsiveness of the multi-agent
system, leading to more efficient and context-aware parking allocations.
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MARL Multi-agent reinforcement learning
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NCVs Non-connected vehicles
MAPark Multi-Agent Auction-based Parking
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