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Abstract

Autonomous vehicles (AVs) are expected to operate safely and efficiently in complex
urban environments characterized by dynamic and uncertain elements such as pedestrians,
cyclists and adverse weather. Although current neural network-based decision-making
algorithms, fuzzy logic and reinforcement learning have shown promise, they often struggle
to handle ambiguous situations, such as partially hidden road signs or unpredictable
human behavior. This paper proposes a new hybrid decision-making framework combining
multi-agent reinforcement learning (MARL) and explainable artificial intelligence (XAI) to
improve robustness, adaptability and transparency. Each agent of the MARL architecture is
specialized in a specific sub-task (e.g., obstacle avoidance, trajectory planning, intention
prediction), enabling modular and cooperative learning. XAI techniques are integrated
to provide interpretable rationales for decisions, facilitating human understanding and
regulatory compliance. The proposed system will be validated using CARLA simulator,
combined with reference data, to demonstrate improved performance in safety-critical and
ambiguous driving scenarios.

Keywords: autonomous vehicles; complex urban environment; hybrid decision; MARL;
XAI; CARLA simulator

1. Introduction

Road traffic is constantly increasing, leading to a rise in accidents despite improve-
ments in infrastructure [1]. Autonomous vehicles have emerged as a promising solution for
improving safety and reducing traffic congestion. Urban areas, with their high traffic den-
sity, diversity of users and complex infrastructure, serve as ideal testing ground [2]. These
vehicles, capable of moving without human intervention thanks to sensors, algorithms and
artificial intelligence, represent a major advance in the field of transport [3]. Their potential
in terms of safety, efficiency and accessibility is significant; however, their deployment
remains hampered by several challenges, notably the reliability of their perception systems.

Despite the significant progress achieved in recent years in the field of autonomous
mobility, the largescale implementation of these systems remains hampered by the com-
plexity of modern urban environments. Autonomous vehicles, despite their potential to
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improve safety and traffic flow, raise difficulties related to uncoordinated decisions, am-
biguous signals and lack of transparency. These systems can aggravate certain problems,
particularly in the case of uncoordinated behaviours in dense environments, incorrect
interpretation of ambiguous signals, or lack of transparency detected, which hinders their
acceptability and audibility.

In these environments, autonomous vehicles must be able to make safe, quick and
adaptable decisions despite the presence of sudden scenarios such as: inattentive pedestri-
ans, cyclists suddenly changing direction, intersections obscured by vehicles, congested or
poorly signposted intersections, or even adverse weather conditions [4-7]. These challenges
highlight the need to enhance the perception and decision-making capabilities of AVs to
ensure their safe and effective integration into urban traffic.

The most common decision-making algorithms currently rely on techniques such as
deep neural networks and fuzzy logic as well as reinforcement learning [8-14]. Although
effective in well-defined scenarios, these approaches reach their limits when faced with
high levels of uncertainty or human behaviour that is difficult to anticipate. Moreover,
the lack of transparency raises ethical and regulatory concerns, especially in situations
where it is essential to understand, legitimize, and evaluate the decisions made by an
autonomous system.

The proposed framework addresses these limitations by combining multi-agent re-
inforcement learning to encourage cooperative decision-making, explainability tools to
make vehicle choices understandable, and uncertainty-management mechanisms to reduce
risky behavior in poorly perceived situations. Reinforcement learning is an Al paradigm
in which an agent learns through trial and error to interact with its environment [15,16].
The multi-agent context, meanwhile, better reflects urban reality for cooperative traffic
scenarios as several vehicles learn in parallel [17]. The overall objective is not only to
improve technical performance, but also to strengthen the reliability, acceptability and
regulatory compliance of large-scale autonomous systems.

Therefore, the contribution of this work is to introduce an original hybrid decision-
making framework that coherently combines MARL and XAl in order to simultaneously
meet the performance, robustness and transparency requirements of autonomous driv-
ing systems. Consequently, the main objective is to develop a modular and cooperative
decision-making system in which each agent specialises in a crucial sub-task, such as inten-
tion prediction, obstacle avoidance or trajectory planning. The decisions of these agents
are integrated cooperatively in order to achieve an optimal compromise between safety,
efficiency and interpretability.

The native integration of XAI modules, based in particular on the SHAP method,
guarantees operational transparency by generating intelligible explanations of the decisions
made by agents. For example, if an autonomous vehicle chooses to stop at a specific location,
the XAI module allows it to quantify the relative contribution of the different variables
explaining this choice, such as the proximity of a pedestrian or a red light. This ability
to interpret decisions at the local and global levels promotes transparency, provides an
essential auditing tool, and strengthens compliance with growing regulatory requirements
for algorithmic accountability [18,19].

The proposed approach is distinguished by three major contributions: (1) a hierar-
chical arbitration mechanism that dynamically prioritises decisions between agents in the
event of conflict; (2) native integration of explainability into the decision-making process,
avoiding weak post hoc analyses; and (3) a multi-objective reward function that balances
safety, efficiency and transparency. To validate this framework, experiments were con-
ducted in the CARLA (Car Learning to Act) simulator [20,21] on critical urban scenarios.
Performance, evaluated using metrics such as collision rate and decision latency, as well as
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an explainability indicator based on the SHAP score, shows significant gains in terms of
collision reduction, responsiveness and stability of explanations. The proposed framework
thus represents an integrated advance in the design of autonomous systems that are reliable,
interpretable and compliant with real-world constraints.

The remaining of this paper is structured as follows: Section 2 reviews the related
works. Section 3 summarizes our methodology based on the proposed approach combined
the MARL and the XAI Section 4 is devoted to the experimental results and discussion.
The last section provides the main conclusions and suggests some future perspectives.

2. Related Works

Autonomous driving in urban environments poses a major challenge for intelligent
decision-making systems. Historically, rule-based systems have been favoured for their sim-
plicity and interpretability. However, their rigidity and limited capacity for generalisation
constrain their effectiveness in complex and dynamic urban environments. To overcome
these limitations, Al-based approaches particularly deep learning, imitation learning, and
neuro-symbolic reasoning have emerged as more flexible and adaptive alternatives [8,9].

Deep learning methods have enabled significant advances thanks to convolutional
and recurrent neural network architectures capable of end-to-end driving based on raw
sensory data [18]. Models such as NVIDIA’s PilotNet and CARLA integrations have demon-
strated the feasibility of real-time trajectory prediction in simulated environments [7,22].
However, the opaque nature of these networks raises concerns about interpretability and
safety, particularly in ambiguous urban contexts. Furthermore, their dependence on large
annotated datasets makes them costly to deploy and sometimes difficult to generalise to
unfamiliar conditions.

In [23], the authors presented a new decision-making framework, UrbanDrivePathway,
which leverages deep learning, reinforcement learning, and real-time traffic analysis to im-
prove VA performance. This framework integrates EfficientDet for object detection (97.69%
accuracy), graph neural networks (GNNs) for trajectory prediction (97.42% accuracy), and
Monte Carlo tree search (MCTS) for decision-making (97.38% accuracy). Model predictive
control (MPC) is used for trajectory planning, with an accuracy of 97.61%, while an eco-
optimised driving strategy improves energy efficiency with an accuracy of 97.69% in energy
consumption analysis. The study envisages future improvements that will focus on multi-
agent collaboration, adversarial scenario training and advanced explainability techniques.

The authors in [24] proposed TransFuser, a model based on a single-agent architecture
with multi-sensor fusion using transformers. This approach allows for the effective integration
of visual and depth information to improve the perception of autonomous vehicles.

The end-to-end approach proposed in [25] is based on the implicit affordance’s method,
a reinforcement learning approach applied to urban driving. This technique enables an
agent to manage the trajectory, avoid pedestrians and vehicles, and detect traffic lights.
This is the first RL agent capable of handling such complex scenarios, including traffic light
management. The model’s effectiveness was confirmed by its victory in the Camera Only
track of the CARLA Challenge.

In the recent state of the art on controlling autonomous vehicles connected via MARL,
the majority of contributions focus on inter-vehicle collaboration, distributed planning or
coordination at intersections. Where related work focuses on performance (e.g., minimiz-
ing travel time or improving throughput at intersections). In [26], the authors define a
decentralized MARL problem for navigating through such intersections and introduces a
new advanced algorithm, Multi-Agent Game-Aware Deep Deterministic Policy Gradient
(MA-GA-DDPG), based on the DDPG with attention mechanism and level-k, allowing to
improve safety and efficiency at complex intersections, by finely modeling multi-agent
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interactions. However, this work remains focused on behavioral optimization, without
providing a transparent mechanism to interpret the decisions of agents.

The authors in [27] proposed MARL to improve coordination between autonomous
vehicles in shared environments. Given that these systems are vulnerable to adversarial
perturbations that may lead to critical errors, the authors propose R-CCMARL, a robust
algorithm integrating a universal policy, risk estimation, and constraint formulation aimed
at maximising performance even in worst-case scenarios. Simulation experiments demon-
strate the system’s robustness against attacks while preserving high operational efficiency.

In [28], the authors model lane change decision making for multiple autonomous
vehicles (coexisting with “human” vehicles) as a MARL problem. They use a MA2C
architecture (actor critic multi agent), a parameter sharing, and a multi objective reward
function (security, comfort, efficiency). They show that their approach improves efficiency
and safety in multiple traffic densities.

The work presented in [29] focuses on robustness and safety in MARL applied to
autonomous driving. They propose two algorithms (CSQ and CS MADDPG) based on a
Stackelberg-type model and bi-level optimization, tested on realistic scenarios (junctions,
roundabouts, intersections). They report improvements in terms of security and reward
compared to classic MARL baselines.

However, these approaches are often limited to behavioural optimization functions,
without explicit integration of explicability mechanisms. For example, in [30], the authors
integrated reinforcement learning and XAl for traffic jam recognition and prediction. The
complexity of urban traffic in static rule-based systems can be tackled by using a dynamic
approach that combines RL for adaptive learning and XAl for transparent decision-making.
The proposed method improves safety, privacy, and prediction accuracy, achieving an
impressive accuracy rate of 98.10% while significantly reducing the rate of missing data.

Our contribution in this area is based on a new paradigm that integrates multi-agent
reinforcement learning with explainable artificial intelligence approaches. This hybrid
decision-making framework aims to optimise the coordination and responsiveness of au-
tonomous vehicles in highly complex urban environments. By integrating these approaches,
decision-making is both more effective and robust, and transparency and trust are enhanced
through the intelligent agent’s ability to interpret and justify actions.

3. Methodology

This section describes the proposed methodology based on the MARL and the
XAI frameworks.

3.1. MARL Framework
3.1.1. Description

In Multi-Agent Reinforcement Learning, several agents interact in the same environ-
ment and learn to make decisions simultaneously. This approach is particularly useful
in autonomous driving scenarios, where MARL models can therefore be used to coordi-
nate lane changes, negotiate intersections and drive by treating each vehicle as an agent
with shared or individual rewards [17]. Unlike in the single-agent case, each agent influ-
ences the evolution of the environment and therefore the learning of others, creating a
non-stationary framework.

In this work, the MARL model proposes three main agents each specialised in a
specific task in order to reflect the distributed and collaborative nature of the systems
embedded in AVs.

e Agent 1: Intention prediction: dedicated to anticipating the behaviour of pedestrians,
cyclists and other vulnerable road users.
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e Agent 2: Dynamic obstacle avoidance: responsible for detecting and managing inter-
actions with moving obstacles.

e  Agent 3: Optimal trajectory planning: determine the safest and most efficient trajectory
while considering the environment and dynamic constraints.

Each agent receives input from sensors (cameras, LiDAR, radar) and makes an as-
sessment (ambiguous areas, incomplete detection, unreliable sensor), which allows them
to take risks and uncertainties into account in their decisions by providing interpretable
explanations (e.g., why a trajectory was avoided or an action prioritised). Cooperative
decisions are then merged and commands are sent to the vehicle’s actuators. Finally, a hu-
man supervision module allows real-time consultation of decisions and XAI explanations.
Figure 1 describes the architecture of the hybrid decision for autonomous driving.

liHuman
__________________ , Supervision
ER P[Edictiﬂllz_’ Exp'amthns

@ =afb ®

Camera Lidar  Radar : Obstacle - XAl
1 i Avoidance | Explanations
! Agent |
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;E y Traiector\ri_, XAl .
i_.~"  Planing | Explanations
5 Agent | g

Figure 1. Hybrid Decision architecture for Autonomous Driving in Complex Urban Environments.

3.1.2. MARL Formulation Problem

The MARL problem is formulated as a modelled multi-agent stochastic game, which
can be summarised in the following steps [31]:

e Nrepresents the set of agentsi € {1,...,N}

e  FEach agenti chooses an action a; according to a policy IT;(a;|0;), where a; corresponds
to the action space of agent i and o; is the partial observation of the global state.

e  The environment evolves according to the transition function P(s/|s, a1, ..., ay) where
s is the space of global states (position, speed, traffic signals, predicted intentions).

e  Every agent receives the reward function r; corresponding to its objectives (avoid a
collision, minimise travel time, save fuel, etc.).

e  The goal is to maximise the cumulative expected reward over all time steps ¢, taking
into account the evolution of the system over time:

E[Y, 2] M

where 7y € [0, 1] is the discount factor controlling the importance of future rewards.

This formalism adopts a Centralised Training, Decentralised Execution (CTDE) ap-
proach, which allows agents to train collectively while making local decisions during
the inference phase [32]. During the centralised training phase, agents (a1, ...,ay) have
centralised access to all global information S (states, actions and rewards), enabling them
to model collective dynamics more accurately and learn to coordinate their behaviour.
This allows the construction of a global critic that estimates the value of a joint action set
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in a given state: Q;(s|,a1,...,an). Thus, the critic provides a more stable update of the
individual policies I1; as it incorporates interactions between agents.

However, During the execution phase, the critics are omitted, and each agent acts solely
on the basis of its partial observations (each agent retains only its local policy I1;(a;|0;))
without relying on central supervision or information outside its scope. This mechanism
ensures that agents can operate autonomously in a real environment, while having learned
beforehand to collectively optimise their policies.

Potential conflicts between the specialised agents are managed using a hierarchical
arbitration mechanism guided by the priority of objectives and the level of uncertainty
estimated by each agent. Concretely, the obstacle avoidance agent takes priority over the
others, as it is responsible for immediate safety. Then comes the planning agent, which
optimises efficiency (speed, comfort) when the situation is considered safe. Finally, the in-
tention prediction agent provides anticipatory recommendations but does not immediately
block the action; it influences trajectory or avoidance adjustments. This hierarchy can be
explained as follows:

e  Each agent calculates an uncertainty score ¢; via policy entropy compared to a thresh-
old 6; set empirically after simulation tests.

If the first avoidance agent detects a risk (o7 > 67), its action is imposed.

Otherwise (02 < 6»), the second planning agent takes the action.

If neither agent is prioritised, the prediction agent influences an action.

The final policy is then assigned to the agent with the highest priority.

3.2. XAI Framework

XAl plays an essential role in improving the decision-making of perception systems,
allowing both technical experts and non-specialists to understand how decisions are made,
how errors are detected and what is the meaning of the results produced by Al [33]. In this
context of rapid evolution of autonomous vehicle technologies, Al transparency is essential
to ensure security, trust, and robustness. In our hybrid decision-making system, where
several specialised MARL agents interact in a dynamic urban environment, it is essential not
only to make effective and safe decisions, but also to be able to explain each action taken. In
this context, the integration of an XAI module is essential for transparency and traceability.
Among the existing XAI approaches, we have chosen SHAP because of its theoretical
rigour, explanatory granularity, and compatibility with the deep architectures used in our
MARL framework. Unlike methods such as LIME, which rely on local approximations
that are often sensitive to noise, SHAP is based on cooperative game theory and Shapley
values. This guarantees two fundamental properties: additivity (the sum of the individual
contributions of the variables is equal to the model output) and consistency (a variable
whose influence increases sees its SHAP value increase). Indeed, after each action, SHAP
identifies the input variables that contributed to this decision such as the distance to a
pedestrian, the state of the traffic light or the perceived level of uncertainty [19]. For
example, when an agent decides to brake, the XAl module may reveal that this action is
mainly due to a red light and the proximity of a pedestrian. This ability to generate local
explanations makes it possible to finely interpret the system’s behaviour. Unlike classical
MARL approaches, often perceived as “black boxes”, our architecture offers decision-
making transparency that strengthens both the robustness, human trust and traceability
of algorithmic choices. The use of SHAP in our framework is therefore not an arbitrary
choice, but responds to a methodological requirement for rigorous and robust explainability,
natively integrated into the decision-making architecture given by Figure 2.
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Figure 2. XAl process.

SHAP values are calculated at each decision step, enabling traceability and inter-
pretation of the decisions made by each agent. More specifically, the value functions
Qi(s|,a1,...,aN) learned by the agents are considered predictive models whose outputs
must be explained in terms of the variables of the observed state. The principle can be
reformulated as follows:

Consider an observed state x = (xq, ..., x)s) composed of M characteristics (e.g., inter-
vehicle distances, presence of pedestrians, speed limits, traffic light status). The contribution
of each characteristic x; to an agent’s action decision is defined by a Shapley value [19]:

S|'(M —|S|—-1)!
@j = ZSE{L-..,M}\{J‘} ISIK M‘! | ) {fsu{j} (xsu{j}) —fs(xs)} (2)

where S represents a subset of characteristics, and fs(xg) corresponds to the model’s

prediction when only the variables in S are taken into account. In our case and in relation
to MARL, the predictive function f is assimilated to the agent’s value-action function:

Qi(s,ai) = Do+ Z]Ail @j )

where @ corresponds to the baseline value and @; to the marginal contribution of charac-
teristic x;. This additive decomposition makes it possible to understand, for each action
decision, which environmental factors had the greatest impact.

4. Results

This section is dedicated to presenting the results from the simulations in terms of
metrics and performance.

4.1. Experimental Environment

The training and the evaluation of the MARL model are performed within interactive
simulation environment where the agent can test its decisions and receive feedback through
rewards. Unlike static datasets, in this project, the experiments were carried out in CARLA
simulator using the Python API (python version 3.7, CARLA-PyAPI), establishing an
environment well-suited for training and benchmarking Al models [20,21].

Figure 3 provides a clear description of the implementation phase, detailing the
operation of the proposed system and its three main modules:

1. CARLA-based simulation environment.
2. Decision-making module based on MARL agents.
3.  XAImodule based on SHAP.

The open-source urban driving CARLA is used to handle complex urban configura-
tions, various traffic agents and dynamic weather conditions. The chosen environment
provides realistic city maps, simulated on-board sensors (LIDAR, camera, GPS) and con-
figurable scenarios for controlled experimentation. This simulator records trajectories,
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states (position, speed), decisions (brakes, steering wheel, accelerator), and events (traffic
lights, roads, pedestrians) in structured files (JSON, CSV, etc.). The three previously de-
scribed agents are tested simultaneously to simulate realistic traffic behaviour. Four critical
scenarios are defined for this purpose:

1.  Unexpected pedestrian crossing

2. Vehicle blocked in the middle of an intersection
3. Missing or incorrect traffic signs

4. Changing weather conditions (rain, fog)

Simulation 1 [ Decision-making | Explainability
environment module module (XAl)
—

SHAP identifies the input
variables that contributed

to this decislon
(distance to a pedestrian,
the perceived level of

uncertainty) [
N |
J)

—
cooperative leaming
between vehicles

generate dynamics
urban scenarios —
(Suddenly crossing

Pedestrians, changing| | State space
weather, faulty traffic Each agent perceives
lights) » |ts speed, heading,

Y k GPS position

= Distance to other
agents (cars, - s
pedestrians)

Actions

* Accelerate .

decelerate 4

« Chanae lane, yield,

stop

L

v

Figure 3. Description of the implementation phase.

Each scenario is repeated 50 times with different initial conditions (random seeds,
distinct placements of pedestrians/vehicles). A total of 200 episodes were run. An episode
is considered successful if the vehicle reaches its target destination without collision or
extended obstruction lasting more than 10 s.

The following Table 1 lists all the features available in the sensors integrated into
CARLA simulator.

Features of the used sensors:

Table 1. Features of the sensors integrated into CARLA simulator.

Sensor

Parameters Role

Front RGB camera

Used for detecting pedestrians and vehicles.
Scenarios involving unexpected pedestrians
and missing signage rely heavily on this
camera. Detection errors account for

some collisions.

Resolution = 800 x 600 px, FOV =90°,
frequency = 20 Hz, position = (x =1.5m,
z=24m)

Rear RGB camera

Detects vehicles approaching from behind at
intersections. Indirect influence on safety (less
critical than frontal safety).

Resolution = 800 x 600 px, FOV =110°,
frequency =20 Hz

3D LiDAR

Contributes to obstacle detection and trajectory
prediction. Essential in scenarios involving
blocked vehicles and changing weather
conditions. Reduced performance in fog/rain
explains the increase in collision rates.

32 channels, range = 50 m, frequency = 10 Hz,
Gaussian noise 0 = 0.05 m
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Table 1. Cont.

Sensor

Parameters

Role

Front radar

Range = 20 m, angular aperture = 20°,
frequency =20 Hz

Detects the relative speed of moving objects.
Helps reduce collisions.

Used for global localisation and trajectory

GNSs Simulated accuracy = 0.5 m, frequency =1 Hz  planning. Not directly related to collisions but
influences the stability of path following.
Provides vehicle dynamics. Influences the
‘e = 2 y
IMU Accelerometer noise =0.05 m/s”, calculation of decision-making latency and

gyroscope = 0.005 rad/s, frequency = 100 Hz

driving comfort.

Collision sensor

Continuous activation

Sensor used to measure the collision rate.

Lane invasion sensor

Continuous activation

Detects line crossings. Used to calculate the
success rate (%).

The criteria and metrics performances are presented in the following section.

4.2. Evaluation Criteria and Metrics

Performance is evaluated according to three metrics:

Collisions/100 km-AV: the number of collisions relative to the total distance travelled

Decision Latency (ms): the average time required for the agent to generate an action.
This is linked to the complexity of policy I1;, which increases when the perceived

Safety:
e  Collision rate (%): the average frequency of collisions per scenario.
[ ]
by the three AVs.
e  Success rate (%): the proportion of episodes without major incidents.
Efficiency:
[ ]
states (camera + noisy lidar) raise processing time.
Transparency:
[ ]

SHAP score (0-1): the accuracy and stability of the explanations generated @; to
justify decisions. Good decision readability is achieved under normal conditions, but
decreases in ambiguous scenarios.

In order to ensure the effectiveness of each MARL agent in dealing with complex

driving and environmental conditions, R1, R2 and R3 rewards are defined for each agent in

relation to the evaluation metrics:

R1: The obstacle avoidance agent receives a reward that heavily penalises collisions
and low-time situations. This formulation is directly related to the collision rate

R2: The path planning agent is rewarded for reaching the destination quickly, mea-
sured by the distance travelled along the target, and penalised for unnecessary stops
or excessive detours. The reward also includes a penalty proportional to the difference
between the instantaneous speed and the target speed. These terms are directly related

[ ]

measured experimentally.
[ ]

to the decision latency and success rate metrics.
[ ]

R3: The intent prediction agent is rewarded for correctly anticipating movements,
assessed using measures such as the average displacement error (ADE) and final
displacement error (FDE). At the same time, explainability techniques (SHAP) are
applied retrospectively to assess the stability and interpretability of decisions.

The global reward function R is therefore formulated as a weighted combination that

prioritises safety in the evaluation of system performance. However, the integration of effi-

ciency and transparency avoids an imbalance that could compromise overall performance.
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In other words, even though safety dominates the reward function, the contributions of ef-
ficiency and transparency ensure balanced optimisation, promoting reliability, operational
speed and decision traceability. The function R is given as follows:

R=05%xR;+03 xRy +0.2 X Rg 4)

For a more detailed explanation, the weights assigned to the three components of
the reward function safety (0.5), efficiency (0.3) and explainability (0.2) are the result
of a compromise between normative requirements, functional constraints and empirical
evaluation. Safety, weighted at 0.5, is prioritised in accordance with safety standards
(ISO 26262, SAE ]J3016) [34] which require strict risk minimisation in driving environments.
Efficiency, with a weighting of 0.3, ensures smooth and realistic behaviour, which is essential
for continuous urban traffic. Transparency, introduced through XAI mechanisms via SHAP
score, is weighted at 0.2 to enhance the interpretability of decisions. Following tests carried
out on simulated scenarios, it was found that too high a weighting on efficiency leads to
aggressive behaviour, while too low a weighting on explainability alters the consistency of
explanations.

It should be noted that all performance metrics in this section are standardised as they
can naturally have values in very different ranges.

4.3. Results and Discussion

Before presenting the quantitative results of the metrics, we introduce several experi-
mental illustrations from simulations carried out with our CARLA environment. These
figures illustrate scenes before and after the intervention of the MARL system.

Figure 4 illustrates a foot passenger begins to cross the road at an unmarked crossing
as the vehicle approaches, with perfect visibility but a critical situation due to proximity.
After making a decision, the vehicle stops or slows down significantly before the crossing
line, demonstrating the activation of the obstacle avoidance agent, priority according to

hierarchical arbitration.

(a) (b)

Figure 4. Scene of unexpected pedestrian crossing (green cercle). (a) Scene before the intervention of
the MARL; (b) Scene after the decision of the MARL.

Figure 5 illustrates that the autonomous vehicle operates in an urban area under dense
fog. We note the absence of clearly visible vertical or illuminated signs at the intersection.
The vehicle continued on its path with caution. This decision reflects proactive management
of uncertainty through the intention prediction module. The decision to move forward
slowly and steadily shows that the MARL system was able to handle this ambiguity.

https://doi.org/10.3390/vehicles8010008
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(@) (b)

Figure 5. Scene of missing traffic signs and degraded perception. (a) Scene before the intervention of
the MARL; (b) Scene after the decision of the MARL agents.

Figure 6 illustrates the scenario depicting an urban intersection in dense fog conditions,
with no visible signage or vehicles on the ground, as seen from an onboard camera. After
making its decision, the system maintains its trajectory without modification, indicating
that the camera position has not changed significantly. This means that the system has
determined that it is safe to stay on course without changing direction or stopping abruptly.

- 4k ke -
- — et e B R WSS

g—

o7 EANS

(a) (b)

Figure 6. Scene of urban intersection with onboard camera. (a) Scene before the intervention of the
MARL; (b) Scene after the decision of the MARL.

Table 2 presents the results of the various criteria and metrics evaluated in the different
scenarios.

Table 2. Results of the performance criteria and metrics.

Scenario Collisions/100 km-AV  Decision Latency (ms) = SHAP Score Success Rate (%)
Unexpected

Pedestrian 2.8 120 0.82 90

Blocked Vehicle 3.6 128 0.79 85
Missing/Faulty 5.1 135 0.75 78

Signal

Changing Weather 7.0 145 0.71 80

Average 4.6 132 0.77 83
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Based on Table 2, the results of the various measurements are interpreted in the
following points:

Safety: The collision rate remains relatively low in the unexpected pedestrian scenario
(2.8 collisions/100 km-AV), confirming the ability of the intention prediction agent to
handle sudden human behaviour. Performance decreases when the context is unclear, such
as in the absence of, or with incorrect signage (5.1 collisions per 100 km-AV) or under
changing weather conditions (7.0 collisions per 100 km-AV). The trend suggests that even
though skilled agents are capable of managing isolated subtasks, the system’s overall safety
is still impacted by perception degradation and ambiguity in traffic rules.

Efficiency: Decision latency remains below 150 ms in all scenarios (average = 132 ms),
which is generally considered safe in urban environments. The slight increase in latency
in adverse weather conditions (145 ms) is explained by the increased load related to
sensor noise and reduced visibility. It is important to note that latency remains stable
between agents, demonstrating that the modular MARL architecture does not introduce
computational bottlenecks, even in dense traffic.

Transparency: SHAP scores, ranging from 0.71 to 0.82, indicate that the explanations
produced are both coherent and easily interpretable.

Transparency is higher in well-defined scenarios (unexpected pedestrian), while it
decreases in cases of regulatory or perceptual ambiguities (absent signage, poor weather).
Nevertheless, scores above 0.7 indicate that the integration of XAl techniques already
provides understandable justifications for human users, facilitating regulatory compliance
and building trust.

In summary, we can conclude that the most favourable scenario corresponds to the
appearance of an unexpected pedestrian, which results in few collisions, reduced latency, a
high SHAP score and a success rate of 90%. In contrast, the most unfavourable scenario
occurs when weather conditions change, resulting in an increase in collisions, maximum
latency and a low SHAP score. The two intermediate scenarios also confirm that the absence
of reliable information (missing signage) or the presence of an obstacle (immobilised vehicle)
significantly degrades the system’s performance.

Thus, the hierarchical arbitration mechanism has demonstrated its relevance for road
observation (obstacle at 15 m, density 0.7), the intention agent which displays the best
overall performances (SHAP score 0.71-0.82, success rate 78-90%) presents a low uncer-
tainty (0 = 0.35 < 0 = 0.5) and is therefore validated as a reliable source. Conversely, the
safety officer, whose performance drops in critical scenarios (7.0 collisions/100 km), has
his proposal rejected here (o = 0.42 > 6 = 0.3), which directly reflects his vulnerability to
detection uncertainties. As for the trajectory agent, its high uncertainty (o = 0.50 > 6 = 0.4)
in this situation explains its lower success rates (78-85%) in complex environments.

Table 3 presents the reward values that show the contribution of each agent.

Table 3. Reward values.

Scenario Ry R, R3 Global R
Unexpected Pedestrian 0.88 1.00 1.00 0.94
Blocked Vehicle 0.80 0.80 0.85 0.82
Missing /Faulty Signal 0.65 0.60 0.60 0.64
Changing Weather 0.50 0.00 0.00 0.35
Average 0.71 0.60 0.61 0.69

The analysis of standardised rewards highlights a clear hierarchy among the different
scenarios tested. The unexpected pedestrian crossing scenario achieves the best global
performance (R = 0.94), reflecting an optimal combination of safety (R1 = 0.88), decision-
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making efficiency (R2 = 1) and transparency (R3 = 1). In contrast, changing weather
conditions are the most unfavourable case, with a reduced overall reward (R = 0.35) due to
the simultaneous deterioration of safety, decision-making speed and clarity of explanations
provided. Intermediate scenarios, such as a blocked vehicle (R = 0.82) and absent or
erroneous signage (R = 0.64), illustrate a gradual decline in performance linked respectively
to increased coordination complexity and environmental changes. The obtained results
validate the effectiveness of the proposed reward function in capturing the three critical
dimensions (safety, efficiency, transparency) and allow the robustness of the system to be
assessed in a variety of contexts.

The following figures illustrate all the results discussed above.

Figure 7 illustrates the average number of collisions per 100 km travelled by an
autonomous vehicle (AV).

e The unexpected pedestrian scenario presents the best result, with only 2.8 colli-
sions/100 km-AYV, demonstrating the responsiveness and robustness of the avoid-
ance agent.

e  The blocked vehicle remains under control (3.6), confirming the system’s ability to
handle static obstacles.

e  On the other hand, the scenarios of erroneous signaling (5.1) and changing weather
(7.0) show a strong increase in collisions, linked respectively to the ambiguity of the
signaling and to the degradation of the sensors under rain/fog. This confirms that
decreases R1 as soon as the environmental uncertainty increases.
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Unexpected Blocked Missing/Faulty Changing
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Figure 7. Collision rates by scenario.

Figure 8 illustrates the latency (ms) by measuring the average time required to produce
an action (acceleration, braking, or steering).

e  The lowest values are observed for the unexpected pedestrian scenario (120 ms), a
sign of a quick and effective decision.

e  The latency increases slightly for the blocked vehicle (128 ms) and faulty signal-
ing (135 ms).

e A maximum latency of 145 ms is observed under changing weather conditions, as a
direct consequence of increased sensor noise. At the same time, the efficiency reward
decreases from 1.0 to 0.0 as the complexity of the environment increases.
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Figure 8. Decision latency by scenario.

Figure 9 represents the transparency and stability of decisions through the SHAP
score (0-1).

e  The single scenarios of unexpected pedestrian and blocked vehicle have high scores
(0.82 and 0.79), indicating that decisions are based on logical characteristics (frontal
obstacle, distance, relative speed).

e Ambiguous scenarios involving erroneous signalling and changing weather have
lower scores (0.75 and 0.71), reflecting a less clear interpretation in which several
sensors contribute to the decision in a scattered manner. These variations confirm that
the transparency R deteriorates when perception becomes uncertain, which affects the
traceability and trust of the system.

0.90

0.85
0.82

SHAP Score(0-1)

Unexpected Blocked Missing/Faulty Changing
Pedestrian Vehicle Signal Weather

Figure 9. Average SHAP score by scenario.
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Figure 10 illustrates that the success rate is:

e  Highest for unexpected pedestrian (90%) and blocked vehicle (85%) demonstrating
good inter-agent coordination and stable learning.

e  Reduced to 78% for erroneous signalling and 80% for changing weather, where con-
ditions disrupt decision-making. This figure clearly illustrates the direct relationship
between sensory stability and overall performance, validated by the evolution of
cumulative reward.

100

95

20%

Success Rates(%)

Unexpected Blocked Missing/Faulty Changing
Pedestrian Vehicle Signal Weather

Figure 10. Overall success rate.

The evaluation of the robustness of our MARL-XAI architecture was initially carried out
in the four critical scenarios covering various urban situations. These first results showed
a good compromise between security, decision latency and explainability, with an average
success rate higher than 83% and a SHAP score reflecting a stable explicability above 0.75 for
most cases. However, we recognize that the evaluation of scalability remains an essential area
for improvement, but in order to consolidate these initial results, we tried to extend our work
and validate it by adding three additional scenarios, targeting more complex and critical urban
situations: a complex intersection with multiple intersecting priorities, a case of cooperative
merger approaching a bottleneck, and the unforeseen intervention of an emergency vehicle.
The results of the different metrics are presented in Table 4.

Table 4. Performance criteria and metrics results of the added scenarios.

. Collisions/ Decision Success
Scenario 100 km-AV Latency (ms) SHAP Score Rate (%)
Intersection convergence 5.8 150 0.68 78
Cooperative merging 4.5 142 0.72 81
Emergency braking 3.2 138 0.76 87

The new scenarios show degraded performance in complex situations (lower SHAP,
higher latency) but maintain good safety, reflecting the real challenges of autonomous
driving in a dense environment. Indeed, the complex intersection scenario revealed a
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high decision-making challenge with a collision rate of 5.8 per 100 km and a latency of
155 ms, reflecting increased demand on arbitration modules and a relative decrease in the
SHAP score (0.68) indicating less stable explainability. On the other hand, in the case of
cooperative fusion, the performances are more balanced, demonstrating the effectiveness
of the intent prediction module in multi-agent interactions. Finally, the scenario involving
an emergency vehicle confirms the system’s ability to quickly prioritize safety with a high
SHAP score (0.76), evidence of clear and justified decision-making.

In general, the analysis of the seven scenarios shows that, despite the complexification
of decisions to be made and the intensification of interactions between agents, our system
manages to maintain a satisfactory level of performance. These results confirm the ability
of our architecture to adapt to dynamic environments, which aims to extend this work to
the multidimensional agent and multiple scenarios.

4.4. Comparison of Results

Compared with existing studies, this work provides substantial added value by com-
bining MARL and XAI within a unified framework, while targeting complex and am-
biguous urban scenarios. This combination not only strengthens the robustness and the
explicability of the system, but also enables a rigorous evaluation based on precise quanti-
tative metrics (collision rate, decision latency and SHAP score).

Although many studies address these techniques separately or qualitatively manner,
this approach limits the possibility of fair comparison, since a few provide results that are
quantitatively comparable to the performance achieved in this work.

The model developed in [24] considers a single-agent multi-sensor fusion architec-
ture based on transformers. It achieves an average success rate of 90% on the CARLA
Leaderboard with a latency of 150 to 170 ms and a collision rate of about 10 to 15/10
km. Experiments, also show that TransFuser achieves peak driving performance while
reducing collisions by 76% compared with classical geometric fusion. But this method
remains limited in its ability to explicitly manage uncertainty and to provide, however, a
clear interpretation of decisions.

The end-to-end approach in [25], based on direct reinforcement learning with ‘implicit
affordances’, achieves success rates between 75% and 85%, but has a higher collision rate
(~6-10/10 km) and latency close to 150 ms. Although this architecture offers valuable
insights for advancing unsupervised learning, it remains vulnerable.

Furthermore, the work presented in [19] proposes a hybrid XAl system for autonomous
vehicles combining LIME and SHAP in order to improve decision transparency. The author
reports an inference latency of 280 ms for perception models (ResNet 18), which is a
useful reference for embedded architectures. By comparison, our proposed system obtains
an average decision latency of 132 ms, while integrating not only explicability but also
uncertainty estimation and inter-agent coordination within a unified architecture.

Regarding the robustness against perturbations, the authors in [26] focus on a MARL
framework designed to resist adversarial attacks within a cooperative driving environment.
While their study demonstrates an improvement in safety at intersections simulated with
CARLA, it does not provide precise metrics on collision rate, latency or the explainability
of decisions. In contrast, our work introduces an explicit measure of interpretability via the
SHAP score (average: 0.77) for each scenario. This contribution fills a gap often identified
in systematic reviews, where most RL approaches remain “black boxes”.

5. Conclusions

Given that autonomous driving in urban environments requires decision-making
capabilities that are robust, explainable and adaptable to uncertainty, this work proposes
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an innovative hybrid decision-making architecture combining multi-agent reinforcement
learning (MARL) and explainable artificial intelligence (XAI), specifically designed for
complex and ambiguous urban environments. Unlike traditional single-agent approaches,
our system relies on three specialised agents (intention prediction, obstacle avoidance,
trajectory planning) cooperating within a modular framework. The integration of XAI mod-
ules (SHAP) into each agent allows for the generation of interpretable local explanations,
thereby enhancing transparency, traceability and compliance with regulatory requirements.
One of the major contributions of this research is the implementation of a SHAP score in a
multi-agent framework, which remains rare in the literature.

The evaluation simulation in ambiguous urban scenarios (unexpected pedestrians,
faulty signage, variable weather conditions) demonstrates the robustness of the system
with an average success rate of 83%, a lower latency (132 ms) and a reduced collision rate
(4.6/100 km-AV), while introducing an average SHAP score of 0.77. This offers a quantita-
tive measure of explainability absent from previous models. Our hybrid MARL and XAI
framework combines the decision-making robustness of multi-agent reinforcement with
measurable explainability, which gives it an advantage both in terms of safety (fewer colli-
sions) and the traceability of decisions. This combination paves the way for more reliable
autonomous driving systems that comply with regulatory transparency requirements.

The obtained results show a clear advantage in comparison with several recent works.
Our analysis shows that while previous studies explore individual aspects of the problem
such as MARL, robustness, or explainability, few have succeeded in integrating them all
into a unified, quantitative and modular architecture, as proposed in our framework.

However, in the system showing high robustness in structured environments (pedes-
trians and clear obstacles), performance drops as soon as changes increase such as rain
and absence of signals. This reveals some limitations of the framework in terms of proac-
tive uncertainty management and coordination in conflict situations. Furthermore, the
experiments were conducted with a limited number of agents (three) and scenarios (four),
without validating scalability to larger fleets or coordination in congested intersections.

These limitations lead us to propose some perspectives which will consolidate the
validity of the proposed MARL framework and make it a more generalisable solution:

o  Explicitly integrating uncertainty estimation and management modules into the
MARL architecture.

e  Extending the system to a larger number of agents and scenarios to test its scalability
in denser and more interactive environments.

e  Expand the evaluations to include multiple algorithms of MARL in order to establish
a robust benchmark.
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