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through intelligent collision avoidance systems. This paper presents a comprehensive review Revised - 28 January 2026
of machine learning (ML) approaches for decision-making in AV collision avoidance. The Accepted 12 February 2026
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learning (SL), hybrid learning (HL), deep learning (DL), and reinforcement learning (RL).

Each category is evaluated in terms of its applicability in decision-making tasks, which Keywords

include perception for situational awareness task, behavioural-level decision-making task, Autonomous vehicles

motion planning task, and multi-agent coordination task. The review highlight that SL Decision-making tasks
methods offer reliable performance in structured scenarios but have constraints under real- Collision avoidarice

world uncertainties. For HL, the methods utilized enable for feature selection and risk Machine learning approaches
prediction improvement but still face challenge of computational overhead. Meanwhile, DL Deep learning )

models advance in perception and control enhancement through spatial-temporal reasoning Reinforcement learning

but encounter large-scale data and high processing power demand issue. As for RL, the
methods demonstrate advantages of strong adaptability and scalability, supporting multi-
agent coordination and decision-making under uncertainty. However, they still face
challenges in training efficiency and real-time responsiveness. Based on the findings, the
results offer a thorough guide for creating ML-enabled collision avoidance frameworks that
are secure, scalable, and reliable for autonomous driving applications. This review also
emphasizes existing research challenges such as computational inefficiency, restricted
generalization, sensor blockage, and ethical uncertainty in unavoidable collision situations.
The review concludes by stating the future research directions toward hybrid architectures,
lightweight and edge-deployable models, uncertainty-aware reasoning deployment, and
ethically integrated decision-making frameworks. This review provides a structured
classification and comparative analysis to guide researchers and practitioners in advancing
safer, more robust and socially acceptable autonomous driving systems.

1. Introduction

The automotive industry is deeply concerned about traffic safety and road accidents due to the rising humber of
crashes. Based on [1], traffic accidents are now one of the leading causes of mortality worldwide. The three major factors
that contribute to traffic accidents are automobiles, road conditions, and human error [2]. This traffic accident data is from
the Malaysian government's open data portal and was analysed for the period 2010 to 2017. According to a study [3],
nearly 90% of automotive accidents are caused by human error. According to Wang et al. [4], 94% of accidents are caused
passively by other parties, such as pedestrians, cyclists, motorcyclists, and traditional cars, while 6% are directly attributed
to AVs. Self-driving cars [5], also known as autonomous vehicles (AVs) [6], have the potential to dramatically transform
the experience of travelling and commuting. AVs are designed to eliminate the inherent flaws of human drivers by relying
on advanced technologies such as artificial intelligence (Al), machine learning (ML), sensors, and high-definition (HD)
mapping. The three main constituents of AVs are perception, decision-making, and motion control systems [7]-[9], as
shown in Figure 1. This three-layer hierarchy serves as the operational architecture for AVs, enabling them to drive more
effectively. The perception system functions as the eyes and ears for an AV. It consists of sensors such as cameras,
LiDAR, RADAR; and ultrasonic sensors that continuously collect data about the vehicle’s surroundings. This
comprehensive sensory input enables the car to detect obstacles, pedestrians, traffic signs, and other vehicles in real-time.
Meanwhile, decision-making is considered the brain of an AV [10]-[11]. It is used to process this perceptual data to
reason, predict the behaviour of other agents, and make high-level behavioural choices, such as lane changes, braking,
and overtaking. According to Badue et al. [5], the decision-making system is typically divided into multiple subsystems,
each responsible for specific tasks such as route planning, path planning, behaviour selection, motion planning, and
vehicle control. In the control layer, it acts as the muscles of AVs, converting these choices into accurate steering,
acceleration, and braking commands to carry out the intended course.

The significance of decision-making [12] in AVs cannot be overstated. The impact of each actuator can reduce the
percentage of collisions or, conversely, make them more catastrophic. This important component must be thoroughly
understood and carefully considered. In situations where an accident is unavoidable, the vehicle's decision-making module
must determine who or what to prioritise for safety. The decision-making system is one of the most challenging
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components in implementing a trustworthy and secure autonomous avoidance manoeuvre when collision risk is present.
In particular, decision-making remains largely overlooked in collision avoidance strategies, as evidenced by its inclusion
in only 12% of the reviewed research [13]. Since decision-making is a crucial component of autonomous driving systems,
it has received significant attention and remains one of the most significant issues in Intelligent Transportation Systems
(ITS) research [14]. This part of the system requires significant effort to produce an effective collision avoidance system
(CAS). The main goal of CAS is to prevent accidents and ensure the safety of vehicle occupants and other road users.
Therefore, it is crucial to implement an effective and secure manoeuvre for successful and advanced CAS. The decision-
making system processes the vast amount of data collected by the sensing system. Using complex algorithms and artificial
intelligence techniques, it analyses this information to make informed decisions about how to navigate through different
scenarios. This includes determining when to accelerate or decelerate, when to change lanes or make turns, and how to
respond to unexpected events on the road. Understanding the unknowns and selecting the best driving strategy for AVs
is the primary challenge in the autonomous decision-making process. Decision-making in AVs plays a pivotal role in
determining their safety and effectiveness on the roads. Decision-making is formulated to generate human-level safe and
reasonable driving behaviours, considering surrounding environmental information, the motion of other traffic
participants, and state estimates of ego vehicles. Then, the generated driving behaviours are accounted for by the motion
control system to achieve efficient operation of the autonomous vehicle [15]-[16]. High-level autonomous driving
depends on the decision-making system, which primarily consists of risk assessment, trajectory planning, motion
planning, and behaviour decision-making modules. It is considered the brain of an AV [10]-[11].
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Figure 1. Conceptual framework for autonomous vehicle collision avoidance using machine learning-based decision-
making [9]

The current challenge in the real-time decision-making algorithm for CAS is the dynamic environment [17], which
includes.multiple traffic participants, such as other incoming vehicles, cyclists, and pedestrians. When vehicles operate
in mixed-traffic environments, where the actions of surrounding agents create dynamic and inherently unexpected
conditions, the decision-making dilemma in autonomous driving worsens. The future state of the environment must be
accurately predicted to achieve this goal. To accurately predict the AVs' surrounding environment, sensor utilisation
supports perception. For example, camera sensors are mainly used to capture visual information and use computer vision
algorithms to recognise barriers, cars, pedestrians, and traffic signs. The LIDAR sensors utilise laser beams to generate
high-resolution/point clouds, enabling precise distance measurements and accurate environmental modelling. The radar
sensors deploy radio waves to determine the location and speed of nearby objects. As a result, these sensing modalities
provide the complementary information AVs require for accurate perception and decision-making. The possible actions
AVs can take to avoid collisions include lane changes, deceleration, and acceleration. These actions demonstrate their
superior safety capabilities compared to those of human drivers. For lane changes, it enables AVs to avoid potential
obstacles or hazardous conditions. Meanwhile, deceleration enables AVs to slow down in the event of sudden stops or
unexpected obstacles in their path. As for acceleration, it allows AVs to swiftly move out of the danger zone or accelerate
to prevent a collision. These actions demonstrate how AVs can proactively prevent accidents while keeping all road users
safe. Figure 2 shows an example of a multiple-vehicle collision that can occur, including a regular driving event, a pre-
collision event, a 1% collision event, and a multiple-collision event.
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Figure 2. Multiple vehicle collision that can happen, which includes regular driving event, pre-collision event, 1st
collision event and multiple collisions event [18]

Machine learning-based classification serves as a crucial bridge, converting raw/sensor.data into useful information
for decision-making in AVs Classification in AVs' decision-making does not just involve labelling data; it also involves
classifying driving scenarios, detecting objects, and evaluating dangers. The decision-making category serves as the
fundamental input for the behavioural planning and control modules of AVs. The main challenge for AVs is designing
approaches that can entirely replace human driver decision-making without compromising safety [19]. Machine learning
plays a crucial role in the decision-making process of Advanced Driver Assistance Systems (ADAS) [20]-[21]. In the
beginning, it helps the system to interpret real-time data such as nearby obstacles, the vehicle's speed, and distance to
other objects. The interpretation is then used to predict potential collisions and apply emergency braking automatically if
necessary. It also helps the vehicle adapt to changing traffic and road conditions by adjusting its cruising speed and
following distance, ensuring a smoother, more fuel-efficient ride. ML models assist with lane-keeping by analysing the
car's position relative to the road and detecting signs, thereby helping prevent unintended lane departures. Furthermore,
ADAS also leverages ML to monitor blind spots, alerting drivers to nearby vehicles and reducing the risk of side
collisions. Lastly, the system enables smarterdriving decisions, either when to slow down, proceed or enhance both safety
and efficiency, by recognising traffic lights and road signs [22].

Figure 3 highlights a range of ML approaches for decision-making tasks in an AV's avoidance system. This figure
summarises the utilisation of supervised learning (SL), hybrid learning (HL), deep learning (DL) and reinforcement
learning (RL) on different decision-making tasks. In [23], supervised learning is defined as the learner producing
predictions for every point that is not visible after receiving a collection of labelled samples as training data. In other
words, supervised learning is used to train on a labelled dataset and learn the mapping between inputs (features) and
known outputs (labels) to make predictions on unseen data. Hybrid learning refers to the integration or combination of
different learning paradigms to leverage their respective strengths. In some contexts, it can represent the simple
combination of supervised learning [24] and unsupervised learning [25]. Deep Learning has emerged as an essential
technology in ML, Al, and datd science. This is due to its exceptional ability to extract meaningful patterns and insights
from complex datasets. Its capacity for autonomous feature learning and hierarchical representation has positioned DL as
a transformative approach across these disciplines [26]. Deep learning uses a series of neural network layers to extract
features hierarchically, with each layer recognising and understanding more complex patterns from the initial raw data.
This approach employs specialised architectures, including convolutional neural networks (CNNs) for spatial data
processing, recurrent neural networks for sequential data analysis, and deep neural networks (DNNs) for general pattern
recognition. Among these, convolutional networks are particularly prominent for their effectiveness in processing
structured grid-like data such as images [27].

Reinforcement learning is a machine learning technique that maximises the cumulative reward [28]-[29]. The
objective of RL is to balance exploration and exploitation. It is mainly because the agent is learning from the
environmental information. The foundation of RL is trial-and-error exploration with a delayed reward that aims to learn
the best course of action to maximise the long-term rewards for future actions. The fundamental model of RL is the
Markov Decision Process (MDP), represented by the tuple <S, A, P, R, y>. These letters denote the state space, action
space, state transition probability (or state transfer matrix), reward function, and discount factor, respectively [30]-[31].
Recently, RL has shown exceptional success in artificial intelligence due to its distinct feedback mechanisms and trial-
and-error learning [32]. In general, most AV decision-making modules are rule-based and have advanced significantly in
settings such as highways, semi-closed parks, and urban roadways. Nevertheless, rule-based approaches remain inflexible
and lack intelligence in real-world applications, and they are computationally demanding. Therefore, the adoption of ML
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in decision-making tasks advances AV technology by enabling AVs to better understand the environments in which they
operate.

The primary focus of this review is the AV's decision-making layer (with an emphasis on obstacle avoidance), which
connects perception and control. To ensure safe navigation, the decision-making module regulates reasoning, prediction,
and behavioural choice, while perception facilitates environmental understanding and control guarantees vehicle
actuation. Nevertheless, this review will also cover important perception techniques such as object detection and depth
estimation, which are directly or inherently related to the subsequent decision-making process. This is because the high-
quality decisions depend on an accurate understanding of the environment. This review also includes ML approaches on
different decision-making tasks for collision avoidance in AVs. This review will summarise how the proposed approaches
of SL, HL, DL and RL function in perception, situational awareness, behavioural decision-making, motion planning, and
multi-agent decision-making. This comparative analysis includes the proposed method, key contributions to decision-
making, key metrics of the approaches, reported performance, test environments, and the approaches' limitations. This
paper is organised as follows: ML approaches for decision-making tasks in collision avoidance in Section 2; a.comparative
analysis of all approaches in Section 3; and conclusions in Section 4.
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Figure 3. Artificial intelligence and machine learning categorised based on the autonomous vehicle system tasks
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2. Machine Learning for Decision-Making Tasks in Collision Avoidance
Here, the different ways ML paradigms address specific decision-making tasks, from interpreting sensor data to planning
high-level manoeuvres, are analysed.

2.1 Perception for Situational Awareness

According to Long et al. [33], this approach effectively filters out a significant amount of visual input that does not
contain vehicles, thereby aiding real-time decision-making. Negative samples, or regions of the image devoid of vehicles,
were promptly identified using the easy, fast classifiers in the initial stages. Rapid decision-making is possible by thorough
examination of existing vehicle regions. Kalman filtering makes the tracking decision-making process more precise and
dependable by combining historical position data with present observations to forecast future vehicle movements. In
Chaudhary et al. [34], the SVM method and Frequency-Modulated Continuous-Wave (FMCW) photonic radar [35]-[36]
are integrated to efficiently classify various targets in challenging situations and to enhance the system's ability to detect
potential collisions. To improve classification performance, two SVM models were used for different purposes. One
model is dedicated to classifying stationary targets, while another is developed specifically for classifying moving targets.
This method contributes to the classification of a variety of targets in decision-making in AVs and complex scenarios. As
stated in Zhao et al. [37], integrating the hybrid loss function with the Depth Self-supervised Generative (DSG) strategy
offers a better approach to depth estimation for AVs and provides a better outlook for the decision-making module. The
proposed implementation of a hybrid loss function, which includes photometric projection loss, automatic masking loss
and smoothness loss, helps to minimise the Structural Similarity Index [38]-[39] and L1 nerm error [21] to predict depth
accurately, enhance depth prediction visual quality in dynamic scene changes and improve depth prediction visual quality.
The strategy of DSG is to adapt Gaussian noise, speckle noise and dynamic fuzzy to enhance robustness for noise-
augmented training data. Consequently, the proposed methods achieve 8.2% _higher accuracy on noisy data while
maintaining performance on clean data. In the paper by Stojcheski et al. [40], integration of self-supervised learning and
a deep neural network approach in occupancy grid maps (OGM) [41] enables improved data mapping in autonomous
driving. The proposed approaches help design the map based on incomplete information obtained from the autonomous
vehicle's perception. The utilisation of temporal aggregation in a self-supervised approach enables the generation of real-
world training data in distant and occluded areas. The adaptation of deep neural network architectures, such as SegNet
[42], U-Net [43]-[44] and Full-Resolution Residual Network (FRRN)-[45]; also contributes to OGM completion.
Correspondingly, the layout of the distant or occluded areas able to be mapped can substantially enhance degraded OGM
observations in regions affected by distance and occlusion.

In Sharma et al. [46], YOLOv8 [47]-[48] is utilised via transfer learning, and the Canadian Vehicle Dataset (CVD) is
introduced, gathered from real-world driving in-Quebec under various weather conditions. An autonomous vehicle's
ability to accurately comprehend complex environments is directly improved by the stated gains, which include a 29.1%
increase in precision and a 33% increase in recall, resulting in a mean Average Precision (mAP) of 0.475. For the
following decision-making layer to enable safer, better-informed navigation, collision avoidance, and path planning in
difficult real-world settings, this dependable object detection is essential. The study in Beg et al. [49] describes a real-
world application of a YOLOv8-based perception system for driving assistance, verified on Malaysian roads. Reliable
object recognition is a crucial first step in AVs’ decision-making process because it provides vehicles with the
environmental awareness needed-to-make informed navigation and collision-avoidance decisions. However, a limited
number of object classes and a'tiny, regionally localised dataset restrict the study's breadth, potentially undermining the
decision-making system's resilience in mare complex or varied driving settings. The study effectively illustrates how deep
learning can improve the perceptual underpinnings of autonomous driving systems despite these drawbacks. Based on
the paper by Duan et al. [50], the method used effectively improves the precise identification and categorisation of
different road-objects, which is necessary for safe driving. This method enables unsupervised clustering to identify and
categorise features across different datasets into meaningful groupings that serve as pseudo-labels for training. Then,
using the cascade AdaBoost structure, the clustered data was refined, and a combination of weak classifiers was created
via'AdaBoost.. Thus, AVs will achieve higher prediction accuracy and make decisions more efficiently.

Supervised learning and unsupervised learning are integrated in Chen et al. [51], allowing object detection robustness
in AVs. Transfer learning based on the Momentum Contrast (MoCo) [52], semi-supervised co-training using MoCov1l
and MoCov2 [53] and Bounding Box Augmentation (BBAug) implementation contribute to enhancing the capability of
current object detection systems to withstand adversarial threats. The adversarial attacks include the Dpatch [54] and
Contextual Patch [55] white-box methods, as well as Image Corruptions black-box attacks. The BBAug makes the
detector more resilient in challenging environments and against adversaries by serving as a robustness enhancer added
during the retraining step. As a result, the MoCo-based transfer learning serves as a robust feature extraction backbone,
while the semi-supervised co-training makes it easier to transfer knowledge from labelled to unlabelled data using high-
confidence pseudo-labels produced during inference. The DriveSafeCore is proposed in Prabha et al. [56], which includes
the integration of multisensory fusion, spatio-temporal scene understanding, modelling of trajectory prediction and DRL.
The proposed method enables in-depth understanding of the scene using sensor fusion data, leading to precise trajectory
prediction. The utilisation of DRL in the proposed method enables the ego vehicle to make optimal decisions, as the DQN
will develop a driving strategy that generalises to unfamiliar environments and unpredictable traffic scenarios. Aside from
that, the redundant data obtained from sensor fusion will be combined, and accidental fluctuations will be removed
through Kalman filtering. This will provide high-quality data to the decision-making module to design decisions that suit
the encountered environment. Using the proposed method, the ego vehicle can avoid collisions with surrounding vehicles
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in the simulated environment in real time, and an efficient decision-making module can be designed. Improvements in
perception, from robust sensor fusion and effective feature filtering to complex self-supervised depth estimation and high-
accuracy real-time object detection, provide the essential environmental understanding layer that enables subsequent
decisions in AVs Table 1 provides a simple analysis of the methods and key contributions to decision-making in the
situational awareness perception task. Although accurate perception is crucial for developing a reliable representation of
the driving surroundings, advanced cognitive processing is required to convert this awareness into safe and rational
vehicle manoeuvres. The decision-making layer is responsible for interpreting the detected objects, predicted trajectories,
and evaluated hazards to provide tactical driving actions, such as lane changes, overtaking manoeuvres, and speed control,
to the AVs This section discusses behavioural-level decision-making techniques from the perspectives of supervised
learning, hybrid learning, and deep learning. The designed ML models are required to convert perception outputs into
sequential, discrete driving policies that concurrently prioritise human-like interaction, operational efficiency, and safety
in dynamic traffic environments.

Table 1. Methods and key contributions to decision-making of the perception task

Methods

Key Contributions to Decision-Making

AdaBoost + Kalman Filter
[33]

SVM + FMCW [34]
Self-supervised learning +
DSG strategy + Hybrid
Losses [37]
Self-supervised learning +
Deep neural network [40]
YOLOVS [46]

YOLOVS [49]

Deep Cascade AdaBoost +

AdaBoost enables unnecessary visual data to be filtered out, which allows quick
recognition of vehicles. Kalman filter enhances tracking precision and reduces the delay
between receiving sensor data and executing actuator actions

High-accuracy target detection reduces false positives/and negatives, leading to a
decrease in the possibility of missed detections or incorrect classifications. The FMCW
allow for rapid data processing in real time.

The proposed algorithm provides greater speed and enhanced precision, ensuring
perception data is processed with minimal latency, leading to accurate detection of
traffic participants and reducing uncertainties

Accuracy and inference speed in the perception algorithm can improve understanding
in occluded or distant regions, aiding safer and more confident decision-making in
autonomous driving

Offers a more accurate and dependable-perceptual foundation for object detection,
especially when trained on a varied and weather-specific dataset

High detection accuracy and real-time performance offer a dependable perceptual
foundation to enable prompt and secure'decision-making in autonomous driving systems
Detection time reduced by 30% in.dynamic environments, and the accuracy of object

Unsupervised Clustering [50]
Transfer learning + Co-
training + Data
Augmentation [51]

Data Fusion + Temporal
awareness + RL in
DriveSafeCore [56]

identification improved for safer driving
Enhances object feature learning using unlabelled data, improves generalisation by
adding high-confidence unlabelled data and increases robustness to noise distortions

Enable optimal decision provided for collision avoidance event in real-time with the
help of the multimodal sensor input fusion, temporal awareness, trajectory prediction
and DRL

2.2 Behavioural-Level Decision-Making

In Singh et al. [57], the/boosting.[58]-[59] method was implemented under conditions where decision-making time was
limited to 1, 2, or 3 seconds. The 1-second condition required immediate decision-making in response to unfolding events,
whereas the 2-second condition encouraged the assimilation of more information and the re-evaluation of initial
judgements. As for the 3-second condition, it will provide optimal predictions for AVs The Adaboost [60] demonstrates
superior performance in ethical decision-making for AVs, as it excels at achieving high true positive rates and controlling
false positives. Adaboost can also perform well under stringent time constraints, ensuring that AVs can make ethical
choices that prioritise human safety. The optimisation method, the Sparrow Search Algorithm (SSA), [61], is utilised to
fine-tune the SVM's parameters. Integrating the mentioned method with game theory, which enables it to account for the
strategies and potential reactions of nearby vehicles, leads to better performance in vehicle lane-changing decision-
making. For an amalgam of SVM and Bayesian Optimisation Algorithm (BOA) in Liu et al. [62], autonomous vehicles
perform lane change in terms of decision-making based on benefits, safety, and tolerance. These three aspects are
considered when performing a lane change to ensure smooth execution involving the ego vehicle, the preceding vehicle
in the target lane, the rear vehicle in the target lane, and the preceding vehicle in the original lane. Once the benefits and
safety value are high enough, the tolerance value is applied to execute a safe lane change. Aside from that, BOA also
provides efficiency improvements in C and kernel parameters for lane change decision-making in autonomous vehicles.
The SVM method [63] is implemented in the autonomous vehicle [64] to support the lane-keeping assist system. This
method is used to determine the steering angle of an autonomous vehicle based on sensor input and to keep the vehicle
always centred in the lane, under both static and dynamic conditions. This method determines which direction (left or
right) the vehicle should take. The positive classes (right) and negative classes (left) are split across the hyperplane to
determine the steering angle applied to the autonomous vehicle. Based on Wang et al. [65], augmenting a dynamic
decision model with artificial neural networks (ANNSs) [66]-[67] and control algorithms for collision-avoidance systems
on a vehicle helps avoid collisions with obstacles and with jamming vehicles in a two-lane expressway scenario. The
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dynamic decision model generates preliminary braking and steering commands using real-time traffic, vehicle dynamics,
and environmental data. The model also provides the vehicle with two collision-avoidance modes: braking collision
avoidance and coordinated collision avoidance (braking and steering). The outputs of the dynamic decision model, which
are maximum braking deceleration and maximum lateral acceleration, are then refined using the ANN controller.
Therefore, the model determines which type of collision avoidance manoeuvre the vehicle should execute, based on real-
time parameters that lead to effective coordinated collision avoidance in AVs

Based on Laneve et al. [68], the integration of weighted maximum-likelihood policy search and self-supervised
learning contributes to lane-change manoeuvres in dynamic, online adaptation among the ego vehicle, the lateral vehicle,
and the front vehicle. The upper-level policy determines the optimal timing for the vehicle to perform the lane change
with the help of the Model Predictive Control (MPC) system, and self-supervised learning keeps pace with any changes,
intentional or unintentional, in the environment. Monte Carlo Expectation Maximisation (MC-EM) [69]-[70] adaptation
in MPC allows for critical time-switching (0) variable optimisation and supports adjustment on how much the AV
prioritises staying in the current lane (ego cost) versus moving to the target lane (target cost) in its trajectory planning. As
a result, the ego vehicle can overtake the front vehicle before or after the lateral vehicle passes, with collision-free travel
between them. In Wang et al. [71], the Long Short-Term Memory (LSTM) [72]-[73] method and the Adaptive Moment
Estimation (Adam) [74] optimiser were utilised. To analyse the lane-change decision-making intention.in the ego vehicle
based on the sequence of input data related to the ego vehicle and the surrounding environments. As LSTM is used in
hierarchical decision-making for lane-change intention, it requires evaluating patterns and producing suitable lane-change
intentions for the ego vehicle. Then, the Adam optimiser effectively refines the model to capture intricate patterns in the
data, ensuring it converges more rapidly and precisely. A stage decision-making framework is used in"[32]. The
framework consists of a route-planning level and a micro-level of car-following (CF) and lane-change (LC) behaviour.
This framework utilises Deep Q-Network (DQN) [75]-[76] and Deep Deterministic Policy Gradient (DDPG) [77]-[78]
algorithms. DQN is used to discretise and learn lane-changing behaviour, while DDPG is used to learn continuous car-
following behaviour. The implementation of the reward function in these algorithms contributes to strategies that reach
the destination faster and make more stable decisions than humans.

Table 2. Methods and key contributions to the decision-making.of the behavioural decision-making

Methods Key Contributions to Decision-Making

AdaBoost [57] AdaBoost trained with experimental data to mimic human-like decision-making in cut-in
scenarios and prioritises safety while adapting to varying traffic conditions

SVM + SSA [61] Integrates SSA with SVM for parameter optimisation and utilises the game theory in SVM
to anticipate vehicle interactions, leading to lane-change decisions enhancement in AVs

SVM + BOA [62] Integrate SVM with BOA for parameter tuning to improve lane-change efficiency,
balancing safety and traffic benefits to suit the habits of driver

Standard SVM [64] Utilise SVM classification to-determine appropriate steering adjustments for lane centring

based on the input of road images, reference speed and a reference steering angle
Dynamic decision model +  Establishes a robust, real-time classification foundation by learns the braking and steering
ANN + controller [65] scale factors.to refine control inputs dynamically from traffic or vehicle data
Policy search + Self- Integrate. MPC that improved by adaptive learning for dynamic surroundings with an
Supervised learning [68] upper-level policy to eliminate the conservatism of decoupled decision and planning, which
responds flexibly to evolving situations and unplanned obstacles
LSTM + Adam Optimizer ' LSTM captures patterns in sequential data to predict or mimic the subjective lane-changing

[71] intentions of human drivers, and the Adam optimizer refines the model for precise decision-
making

Linear algebra-based [79] . The decision is made using matrix operations, and decision thresholds help define vehicle
actions

DQN + DDPG[32] The proposed method allows for continuous lane-change and car-following behaviour with
the composite reward function that contributes to comfort, safety and efficiency of AVs

GMA-TD3 [82] Provide an effective sequential avoidance decision in the multi-ship encounter scenarios

The linear algebra technique is implemented in Darapaneni et al. [79] for decision-making in AVs This technique
enables decision-making using matrix operations and a decision threshold. The binary classification of the output images
and their conversion from the surroundings contribute to the model's output. Setting the decision threshold to 0.5-1.0
(slow down), below 0.5 (stop the vehicle), and 1.0 (accelerate) helps AVs clearly determine which action to execute and
improves the decision-making process. For Shi et al. [80], integration of Fuzzy C-means, XGBoost [81] and recursive
feature elimination (RFE) [55], and Bayesian optimisation results in excellent performance, which deals with the
behaviour-risk decision-making in AVs As the Fuzzy C-means is used to determine the relative risk levels of various
driving vehicles across a wide range of vehicle streams, XGBoost and RFE are used to rank and filter a set of relatively
essential features, and to permute the features to identify the best feature combination. Then, the feature optimisation
performed by Bayesian optimisation yields more promising values by leveraging prior search results. This combination
method provides behaviour-based risk prediction with satisfactory results, with an overall accuracy of 91.7%. Based on
[82], the utilised Gated Recurrent Unit-enhanced Multi-head Attention (GMA) helps ownership (OS) identify and classify
the collision risk of the surrounding target ship (TS) in real time. The GMA will prioritise obstacles based on their highest
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and lowest priorities. Once the classification of collision risk for the surrounding TS is completed, the GMA is integrated
with Twin Delayed Deep Deterministic Policy Gradient (TD3) to provide a sequential decision to avoid collisions with
obstacles. The possible actions executed are ship change course or adjust speed, depending on the situations encountered.
The deployment of the dual-level reward mechanism in the Collision Avoidance Decision-Making framework assists the
OS in constructing a better strategy to avoid collisions with surrounding OS. The observed behavioural-level strategies
show a progression from rule-based classifiers and optimised SVM to tactical actions. Tactical actions, such as lane
changes, will help improve deep- and reinforcement-learning frameworks. These improved systems enable flexibility and
step-by-step decision-making in dynamic environments with multiple agents. As a result, they create an essential
connection between situational awareness and the implementation of motion plans. Table 2 provides a simple analysis of
the methods and key contributions to decision-making in the behavioural-level decision-making task. After determining
a high-level behavioural decision, such as changing lanes or overtaking, the autonomous system needs to generate a
physically feasible, collision-free trajectory that complies with vehicle dynamics and traffic regulations. This conversion
from discrete intent to continuous vehicle motion defines the motion-planning and trajectory-optimisation stage, where
the emphasis shifts from decision selection to precise execution. Here, the emphasis switches from what has to be done to
how to do it safely and smoothly. To navigate complex spatial-temporal settings, the approaches that translate behavioural
commands into comprehensive path and velocity profiles are reviewed in the next section.

2.3 Motion Planning and Trajectory Optimisation

A stage decision-making framework is used in [32]. The framework consists of a route-planning level and a micro-level
of car-following (CF) and lane-change (LC) behaviour. This framework utilises Deep Q-Network [75]-[76] and Deep
Deterministic Policy Gradient (DDPG) [77]-[78] algorithms. DQN is used to discretise and learn lane-changing
behaviour, while DDPG is used to learn continuous car-following behaviour. The.implementation of the reward function
in these algorithms contributes to strategies that reach the destination faster and make more stable decisions than humans.
The integration of deep learning, optimisation methods, and model predictive control (MPC) [83] contributes to the
realisation of AV decision-making in unknown environments [84]. AV executed manoeuvres in two different scenarios,
lane change and obstacle-rich, based on the collision probability output'of deep learning, as the raw input is from LiDAR
measurements and MPC. The optimisation method chips in by simplifying the objective function and reducing the
computational load. Integrating these methods also allows the dynamic collision avoidance problem to be converted into
a static one, yielding easier computation and faster solutions in real-time dynamic environments. In Bouton et al. [85],
augmenting the decomposition method with the .POMDP technique helps utilise the best avoidance technique for a
particular user in the occlusion sensor area, which involves a pedestrian crosswalk and intersection scenario. This
decomposition strategy involves calculating the optimal state-action utility for each user in the environment, separately
from the others, and then combining these utilities to approximate the global problem of avoiding multiple users. The
optimal policies that involve a decomposition strategy are Successive Approximations of the Reachable Space (SARSOP)
[86]-[87] and the Quantum Markov Decision Process (QMDP) [88]-[89]. Safety and efficiency are used as metrics to
evaluate the performance of the optimal-policy in those scenarios. As a result, SARSOP and QMDP outperform the
random and baseline methods in terms of the average number of collisions and average time to reach the goal position.
Based on Gonzalez et al. [90], a partially observable Markov decision process (POMDP) [91] planner implementation,
utilising Monte Carlo Tree Search.[92] to select the best action for the ego vehicle, improves decision-making during lane
changes and longitudinal control. Since the actual state is unknown and the agent receives noisy or incomplete
observations of it, it must choose its course of action based on its past performance. The value function for the present
belief was approximated-during.the planning stage using Monte Carlo tree simulations. Therefore, this method enables
the ego vehicle to make decisions based on the intentions and ambiguous situations of other cars, replicating how human
drivers may-predict,those cars' intentions. According to Syamil et al. [93], the homotopy boundary method is utilised to
classify the area, in the presence of surrounding vehicles, into upper and lower boundary constraints. Using an A* planner
in training as the expert planner enables the generation of collision-free longitudinal trajectories for the ego vehicle. The
classification boundaries enable smooth trajectory prediction of the ego vehicle. In addition, it creates a safe gap between
ego vehicles and surrounding vehicles based on state information and predictions of surrounding vehicles' intentions. The
expert demonstrations in the system are used to learn to identify which vehicles fall within the critical upper and lower
longitudinal bounds, so that the ego vehicle's safe operation can be determined. Classifying the vehicles ensures that the
decision-making module in the ego vehicle is more effective and performs well.

For Arumugam et al. [94], the utilisation of DL, imitation learning (IL), and RL for the decision-making module in
AVs enables the generation and use of human-like perception in unseen environments. The structured, filtered processing
by the DL generates a rich spatial and semantic understanding of the environment, thereby increasing decision-making
efficiency. The IL is used to clone the behaviour of the policy trained on expert demonstrations using supervised learning.
The RL is utilised to support higher-level strategic decisions by focusing on desired outcomes and the rationale for multi-
step actions. The outputs of each learning-based approach are then ensemble, and the final action is decided using the
voting mechanism. This provides an adaptive element in making the optimal decision to execute in an unseen
environment. It shows that integrating learning-based approaches into the decision-making module is pivotal, as it leads
to better actions during collision avoidance events.

The transformer-transfer learning approach in Liang et al. [95] contributes to predicting the human-driven vehicle
(HDV) behaviour and trajectories for AVs. The transformer-transfer learning approach is considered teacher-student
learning, as the transformer (teacher) will learn about the HDV lane change maneuverer, then the learning is transferred
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to the student to enable the trajectory predictions in AVs. The interaction-aware learning between AVs and HDVs alone
is insufficient to address trajectory prediction, so uncertainty quantification using the error ellipse method is integrated
with the transformer-transfer learning approach. The integration of the proposed method enhances the decision-making
and motion-planning module by providing a better strategy for mixed-traffic scenarios and by avoiding collisions when
HDVs are present in the environment. The proposed method not only helps AVs learn the behaviour of HDVs and predict
and plan HDV trajectories, but also helps them develop an optimal strategy in the presence of uncertainty in trajectory
prediction. It shows that integrating the uncertainty quantification method into the motion planning module demonstrates
its effectiveness in enhancing AV safety and preventing potential collisions. The proposed method in Chekroun et al. [96]
integrates MCTS with a neural network (NN) to improve decision-making and collision avoidance. The realistic world is
modelled using the IL, allowing for a simplified representation that includes the ‘known features’ and ‘learned features’.
Meanwhile, the NN enable the prediction of the ego and other agents' trajectories present in the environment. Utilising
the NN within the environment helps make optimal decisions during MCTS motion planning. MCTS contributes to
exploitation and exploration to select the best steering angle and acceleration based on the highest Q-value obtained and
nodes with low visitation. By better understanding the environment through a partially learned model and-an NN, MCTS
can explore and exploit the best nodes to execute. It shows that exploitation and exploration in MCTS, aided by the IL
model, are important for finding the best choice among the available options. By considering this method, not only can
the trajectories of the ego and agent be predicted, but it also helps plan motion in the best way, enhancing the effectiveness
of decision-making and collision avoidance.

Table 3. Methods and key contributions to the decision-making of the motion planning

Methods Key Contributions to Decision-Making

DQN + DDPG [32] The proposed method allows for continuous lane-change and car-following
behaviour with the composite reward function that contributes to comfort, safety and
efficiency of AVs

DL + Optimizer + MPC [84] Converts dynamic collision avoidance'intora static.problem for faster and real-time
computation by the MPC solver

POMDP + decomposition [85] Reduces computational complexity.and enables scalable and efficient decision-
making in dynamic, multi-user environments with the presence of occlusions

POMDP + MCTS [90] Handles uncertainty in observations by using belief state planning to make decisions
under ambiguity, and improves human-like behaviour for lane changes and
longitudinal control

Homotopy boundary + A* The classification‘of upper and lower boundaries in the decision-making module
planner [93] enables the smooth trajectories prediction is generated
DL + IL + RL [94] Generate the human-like options in unexpected environments and provide an

adaptability-element in the decision-making module as each learning-based provide
their own output to find the optimal decisions
Transformer-transfer learning ~ Enhancement in the accurate trajectory prediction and collision avoidance, as well as

+ uncertainty quantification safety features based on the integration of the proposed method for interaction-aware

[95] between the /AVs and HDV

MCTS + IL + NN [96] Long-term understanding of the modelled environment helps explicit exploitation
and exploration by MCTS for decision-making and collision avoidance enhancement

Double-layer RL [97] Enhancement in decision based on the feedback provided by the lower layer and

employment of trajectory-level reward function evaluated the decision provided,
leading to better decision execution

The proposed double-layer RL framework consists of an upper layer and a lower layer, utilised to optimise the
decision-making and motion-planning module in Liao et al. [97]. In the deployed closed-loop mechanism, the output from
the decision-making module (upper layer) guides the motion planning module (lower layer) to execute an optimal
trajectory, including. steering and acceleration values. The decision provided by the upper layer is evaluated using a
trajectory-level reward function to ensure it is suitable for execution in the lower layer. Then, the trajectory output in the
lower layer is fed back to the upper layer for parameter optimisation. Hence, the upper layer can provide better guidance
based on the lower layer's feedback. It shows that these 2 modules need to work together, not separately. This double-
layer RL framework demonstrates how the combination of these modules contributes to effective decision-making and
motion planning, since both modules rely on each other’s outputs. When working together, better results can be achieved,
and AV safety can be enhanced, particularly during collision avoidance. Together, these motion planning methods
illustrate the importance of advanced Al techniques in transforming tactical decisions into safe, executable, and human-
like paths. Techniques such as hybrid DRL-MPC controllers and probabilistic POMDP-MCTS planners are crucial,
particularly in situations with occlusions and dense traffic interactions. Table 3 provides a simple analysis of the methods
and key contributions to decision-making in the motion planning task. Motion planning acts as a crucial layer of
translation between executable control and strategic aim. The reviewed techniques demonstrate how sophisticated Al can
produce trajectories that are safe, fluid, and dynamically feasible even in the face of uncertainty and obstacles. Real-world
driving requires awareness of and cooperation with other intelligent agents, whereas motion planning focuses on creating
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optimal routes for a single vehicle. In the next section, the sophisticated frameworks which are used to improve contextual
adaptation and system-wide coordination beyond conventional single-agent techniques are discussed.

2.4 End-to-End and Multi-Agent Decision-Making

In Gao et al. [98], the implementation of semantic segmentation [99] on the Double Deep Q-Network (DDQN) [100] and
Proximal Policy Optimisation (PPO) [101] algorithms helps AVs achieve clearer vision and better driving decisions. The
semantic segmentation model designation [99], [102] helps strike a balance between accuracy and efficiency in
autonomous driving scenarios. These methods are called Double Deep Q-Network-Semantic Segmentation (DDQN-SS)
and Proximal Policy Optimization-Semantic Segmentation (PPO-SS). Semantic segmentation distinguishes and labels
scene features, including roadways, traffic signs, pedestrians, and obstacles, by classifying each pixel in a picture. This
provided the decision-making algorithm with crucial semantic knowledge to recognise potentially dangerous locations
and regions that may be driven through. In Chen et al. [103], the Multi-Agent Reinforcement Learning (MARL) [104]-
[105] method was implemented for twin-vehicle cooperative driving in a dynamic and complex highway environment.
The deployment of a hybrid framework involves an upper decision-making module that employs a value-based MARL
algorithm and a lower control module that optimises speed and orientation. It helps to promote flexible decision-making,
feasibility, and safety through lane-keeping and lane-changing models. Besides, each agent can automatically learn a
cooperative driving strategy without engaging in unfair behaviour. This is due to the application of a fairness measure
that helps balance self-interest and mutual benefit. Moreover, the contributions from the softmax operation help it avoid
overestimation when computing Q-values. Using this integrated strategy, the twin cars can balance individual and team
goals in dynamic roadway situations and make wise, collaborative judgments.

The Reinforcement Learning—Based Autonomous Collision Prediction and Avoidance. System (RL-ACPAS), as
implemented in Jagan et al. [106], makes a significant contribution to the field of AV decision-making. The system utilised
a DON to learn collision-avoidance policies in real time. The system uses a/learned value function to convert high-
dimensional sensory inputs into navigational actions. This enables the crucial problem of autonomous driving to be
addressed and yields safe, effective decisions in dynamic traffic settings. Based on Guo et al. [107], hybrid reinforcement
learning enables collision avoidance in AVs The proposed method integrates the Soft Actor-Critic (SAC) with feature
extraction from a deep neural network to achieve better obstacle detectionand appropriate motion to avoid collisions. The
method enables effective handling of complex sensory inputs from RADAR and LiDAR, leading to effective decision-
making and actuator control during collision avoidance. The proposed method results in a high collision avoidance rate
(CAR) and a lower average reaction time (ART) during collision avoidance. According to Ellouze et al. [108], the
deployment of Multi-Agent RL (MARL) and the'integration of Explainable Al (XAl) have improved the decision-making
framework in AVs The 3 specialised agents are utilised in the MARL to break down the large task into critical sub-tasks.
The result of the critical sub-task will affect each agent's decision, enabling modular and cooperative learning among
them. For XAl implementation, it helps increase human understanding and regulatory compliance by giving each decision
a reason for its occurrence. This will increase the transparency of each decision taken and improve the effectiveness of
the decision-making module. The Shapley additive explanation (SHAP) score of 0.77 indicates that more collisions can
be avoided and that decision traceability for AVs increases.

The incorporation of the attention mechanism and inter-frame redundancy reduction strategy [109] into Generate
Adversarial Imitation Learning (GAIL)-PPO.reduces long-term redundant input information obtained through the
environmental perception module. This method is used to filter out redundant and unnecessary information that would
reduce the quality of the collected images. In decision-making, the quality and quantity of images are pivotal because the
decision is based on thistinformation; increasing redundancy can improve computational efficiency but also reduce the
quality of the input. By focusing only on high-quality input and removing redundant information, the decision-making
capability to-make efficient decisions is improved, enhancing safety features, particularly in obstacle-avoidance events.
The implementation of the reward function design using artificial potential field theory guides AVs to comply with traffic
rules,as. the reward function includes lane-constraint, obstacle, driving-smoothness, and passing-efficiency potential
fields. This.shows that the reward function is not only focused on efficiency but also prioritises safety. Deploying the IL
model to train the information based on expert prior knowledge for RL decision-making will improve the model's learning
efficiency. The performance of end-to-end RL for autonomous driving decision-making can be improved using the
proposed method. Wu et al. [110] stated that a 2-stage collective rule-learning framework is deployed in the high-level
decision-making module of connected autonomous vehicles (CAVs). In the first stage, the knowledge aggregation will
create unified rule-based learning using the Multi-Access Edge Computing (MEC) network. The unified rules are used to
accelerate learning by collecting and analysing collision data from multiple CAVs In the second stage, intelligence
aggregation assigns weights to the unified rules from the first stage to prevent policy conflicts. The weight assignment in
the unified rules will filter out insignificant rules, making the decision model more compact. It shows that the rules with
the highest weight are considered the most optimal rules for the decision-making module. Based on the proposed method,
knowledge and intelligence aggregation in CAVs is pivotal for providing adaptability, enabling CAVs to adapt to dynamic
environments, and enhancing performance in collision avoidance events. This enables collision reduction without
requiring expert knowledge. Hence, with the proposed method, the limitations of collision data can be overcome, enabling
continuous learning in dynamic driving environments.

The autonomous intersection management (AIM) consisted only of the conflict and priority module. However, the
state/conflict encoder is proposed as a module, and the motion planner module, which consists of a fully connected
network, is included in the Reinforced AIM (RAIM) system, resulting in advanced RAIM (adv. RAIM) [111]. The
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proposed state/conflict module enables all vehicle state features to be fed into the LSTM, and the conflict's encoded value
is learned during training. The motion planner module determines the adjusted speed for each CAV in the upcoming
timestep by considering its characteristics and the state/conflict encoder outputs, ensuring collision avoidance and optimal
traffic flow. In addition, the adv. The RAIM approach is based on end-to-end training and uses curriculum learning
through self-play. This self-play is used to improve the solution's performance once it is maxed out by adding more data
to the training. By implementing the proposed method, CAVs can cross the intersection safely, without collisions, and in
a cooperative manner, thereby providing an effective decision-making module for CAVs Towards a fully autonomous
driving mode for AVs, decision-making plays a pivotal role in ensuring the safety of vehicles and the user in the best
place. To achieve this goal, the integration of a dual-stream convolutional neural network (CNN), a Hierarchical Finite
State Machine (HFSM), and a DL module is proposed as the method [112]. These methods enable the encountered
scenarios to be classified as simple or complex; HFSM will handle simple scenarios, while DL is used for complex ones.
The processed input from the 360-degree front- and rear-view cameras in a dual-stream CNN will assist with situational
awareness, as the cross-section between these cameras will indicate whether the situation is simple or complex. The
decision-making module, using the proposed method, focuses on determining the driving situation that allows strategy
switching during driving. It shows that the adaptability element was present when the proposed method was deployed, as
switching occurred when the AVs encountered simple or urban scenarios. Besides, it also provides a generalisation
element that can be used in different situations. These advanced frameworks represent the front of autonomous decision-
making. These frameworks highlight how end-to-end perception-action learning and multi-agent collaboration are
progressing beyond individual vehicle management. This results in scalable, cooperative, and contextually aware driving
systems in shared environments. Table 4 provides a simple analysis of the methods and key contributions to decision-
making in the multi-agent decision-making task. Integrated, cutting-edge, and cooperative autonomous driving comprises
end-to-end and multi-agent frameworks. These methods enable direct mappings from perception to action and encourage
socially conscious interactions in shared transportation environments. This is done by extending beyond isolated vehicle
control. In the next section, a comparative review evaluates the strengths, limitations, and interdependencies of ML
techniques across the four major layers of autonomous vehicle decision-making tasks,/from perception to multi-agent
coordination.

Table 4. Methods and key contributions to the decision-making of the/multi-agent decision-making

Method Key Contributions to Decision-Making

DDQN-SS and PPO-SS [98] Combines semantic segmentation with RL to provide scene-level understanding and
improve perception and decision-making in complex road environments

Value-based MARL [103] Enables cooperation'between agents for lane keeping/changing by integrating fairness
measurement and softmax Q-value calculation to ensure balanced and safe driving

DQON in RL-ACPAS [106] Effectively learn and carry out collision avoidance techniques in real time, and improve
the AVs' ability to make rational choices in unpredictable traffic conditions

SAC + feature extraction in Provides effective complex sensory inputs process handling, and balancing exploration

Hybrid RL [107] and exploitation by applying the motion-parameter adjustments

MARL + XAl [108] Improve the decision-making module by integrating MARL and XA, and increase the
transparency and traceability of decisions made in AVs

GAIL-PPO [109] Reduction of redundant input images and the high-quality data into decision-making
module allow smoothness and traffic efficiency while maintaining vehicle safety

2-Stage Rule Learning Enhance the safety features as knowledge and intelligence aggregation is considered

[110] and transparency of decision can be improved

Adv. RAIM [111] Provide complete collision elimination in the intersection scenario as the speed of each

CAVs can be controlled through the proposed method
Dual-stream CNN + HFSM~ Enable adaptability features in deciding the situation that encountered by the AVs and
+ DL [112] different method and strategy is used for simple and urban scenario

3. Analysis of Approaches

The decision-making development processes in AVs involve a structured breakdown of driving tasks. It starts with
understanding the environment, proceeds to strategic interactions, and concludes with accurate motion control for AVs
This section analyses the distinct roles and bridges them within four main decision-making tasks. In perception for
situational awareness tasks, it is required to create a reliable and accurate description of the driving environment and
surroundings for AVs, based on information collected by the allocated sensors. After that, the reviewed ML-based
decision-making approaches, such as AdaBoost and SVM, will provide accurate and reliable decisions in structured
environments. In the case of AdaBoost, it offers robust classification and prioritisation under time constraints, while SVM
supports rapid lane-keeping and obstacle-avoidance decisions with optimisation techniques such as SSA or BOA.

journal.ump.edu.my/ijame 13701



Maidin et al. | International Journal of Automotive and Mechanical Engineering | Volume 23, Issue 2 (2026)

Table 5. Comparative performance analysis of machine learning approaches categorised by decision-making tasks

Decision- Approaches &
making Task ML category

Robustness of Decision-Making
Algorithms

Key Metrics

Reported Performance

Test Environment

Limitation

Perception for AdaBoost [33] -
Situational SL
Awareness

SVM + FMCW
[34] - SL

Self-supervised
learning + DSG
strategy + Hybrid
Losses [37] - HL

Self-supervised
learning + DNN
[40] - HL

Boosting +
Clustering [40] -
HL

Transfer learning
+ Co-training +
Data
Augmentation
[51] - HL

YOLOVS [46] -
DL

Improves decision-making
robustness by combining weak
classifiers for overtaking decisions.

Classifies scenarios based on safety
parameters for lane change and
obstacle avoidance.

Eliminates the need for labelled
depth data, enhances resilience by
exposing the model to synthetic
Gaussian noise, speckle noise, and
dynamic blur and ensures stable
depth predictions in dynamic scenes

Enables training across large, diverse
environments without manual labels,
predicts occluded areas for safer path
planning and better decision-making

Offers a reliable method for precisely
identifying cars in a range of noise
and environmental situations

Improves robustness under
adversarial conditions, generates
high-confidence pseudo-labels from
two different models and enhances
the feature extraction quality from
unlabelled data

Provides safer navigation chaices for
AV in difficult real-world situations
by improving object identification
accuracy and dependability in a
range of weather conditions

Classification Accuracy

Classification Accuracy

RMSE (Root Mean
Squared Error)

Abs Rel (Absolute Relative
Error)

Mean Intersection over
Union (mloU)

Classification Accuracy
Detection Time
Detection Rate

Detection Accuracy

o Classification Accuracy
e Precision, Recall

Mean Average Precision
(mAP)

Accuracy = 87.64%

Accuracy = 74% for the stationary
and 33% for the moving target

Performance on clean data ='same
Accuracy on noisy data = 8.2%

Best mloU (FRRN-B) =53.80%
Baseline = 43.33%

Classification Accuracy = 98%
Detection time shortened by 30%
& False detection rate reduced by
20

MAP@0.5 = ~89.6%

e Precision = increment of 29.1%
o Recall = 33% improvement
MAP@.5 = 0.126 to 0.475

Real-world (Urban road)

Simulation (Urban)

Simulation

Real-world (Rural and
urban scenes)

Simulation (Urban)

Simulation Env

Real-world (Quebec City,
Canada)

Limited to specific scenarios like cut-in
manoeuvres
Struggles with uncertainty in real-world data

Narrows focus on lane changes
Lacks adaptability to complex traffic
conditions

Requires retraining for unseen disturbances,
limiting its plug-and-play adaptability
Reliance on synthetic noise may not fully
capture real-world complexities

The model could struggle with extreme
motion blur or rapid scene changes

Performance depends on the quality of
accumulated data

The model may struggle with highly dynamic
scenes or rapid environmental changes, not
well captured in training data

Heavily relies on the quality of the initial
unsupervised clustering

Could misclassify or overlook vehicles due to
limitations in the labelling process during
clustering

A wrong threshold leads to degraded results
Deteriorates in performance after co-training
The pipeline is complex and computationally
intensive

Some object categories had very few
instances, making the results statistically
unreliable for these classes

The labelling process is time-consuming and
requires significant human effort
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Table 5. Continued

Decision-
making Task

Approaches &
ML category

Robustness of Decision-Making

Algorithms

Key Metrics

Reported Performance

Test Environment

Limitation

Perception for YOLOVS8 [49] -

Situational
Awareness

Motion
Planning and
Trajectory
Optimization

DL

Data Fusion +
Temporal
awareness + RL
in DriveSafeCore
[56] - HL

DQN + DDPG
[32] - RL

DL + Optimizer +
MPC [84] - DL

Provides high-accuracy, real-time

identification of significant road
objects, which provides a dependable
perceptual basis for a driving support

system to promptly warn of

collisions.

Enhance the decision-making module e
by providing driving strategy that .
involve all the inputs from the o
perception module as the scene can 4
be understood in depth through the
multimodal sensor fusion and the

help of the trajectory prediction, lead

to the high accuracy in collision
avoidance event and better safety
decision during uncertainty scenario

Provides a robust, adaptive decision-

making mechanism for autonomous e
vehicles and enables them to make .
informed decisions about context-

aware driving decisions

Combines MPC and DNNs for .
optimised trajectory planning and o

collision avoidance

mean average precision
(mAP)

Accuracy rate

False positive rate
Inference latency
Throughout rate
Critical collision
avoidance

Trajectory forecasting
accuracy

Travel time
Average acceleration
Average velocity

Probability of Collision
Collision Cost

mMAP = 88.2%

Accuracy rate = 98.56%
False positive rate = 1.23%
Inference latency = 42.3 ms
Throughout rate = 33.5 FPS
Critical collision avoidance =
96.78%
Trajectory forecasting accuracy
=96.1%

Travel time = 94s (HDV =
149s)

Average velocity = 14.1 m/s
(HDV = 8.5 m/s)
Average acceleration = 0.2 m/s?
(HDV: 0.1 m/s?)

Successful Collision Avoidance

Real-world(roads from
UMP Pekan campus to
Pekan-Kuantan main
road junction)

Real world scenarios
(Static Obstacle
Intrusion, Pedestrian

Crossing, Highway Lane

Cut-In, Sudden Stop of
Lead Vehicle,

Roundabout Navigation,

Night-Time Driving,
Foggy Weather
Detection, Rainy
Conditions)

Simulation (three-lane
traffic scene for 2 km)

Simulation (Two lane,
Obstacles-rich)

Small Dataset
Limited Class Detection

Required careful reward function designation
Depends on the accurate information from the
perception module

Needs a significant amount of interaction with
the environment to learn effectively

Struggles with high-dimensional state and
action spaces

Have difficulty in manual tuning

Limited adaptation in changing traffic
conditions in real-time

Restricts the model's ability to capture
complex driving scenarios

Struggles to accurately classify smaller objects
in images

Not adequately incorporate broader contextual
information
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Table 5. Continued

Decision- Approaches & Robustness of Decision-Making : : Lo
making Task ML category Algorithms Key Metrics Reported Performance Test Environment Limitation
Motion POMDP Enhances the autonomous vehicle’s e Collision rate Collision Rate (Crosswalk) =  Simulated (Pedestrian e Assumption of known users is not always
Planningand (SARSOP, capability to make safe and reliable e Time to cross (TTC) 0.0% crosswalk.and feasible in real-time scenarios
Trajectory ~ QMDP) + decisions in uncertain environments Collision Rate (Intersection - ‘intersection) « Difficulties in generalisation across diverse
Optimization Decomposition  with occluded users QMDP) = 0.0% driving situations.

method [85] - RL

POMDP + MCTS
[90] - RL

Homotopy
boundary + A*
planner [93] - DL

DL +IL +RL
[94] - HL

Simulates human-like behaviour for
collision prevention and overtaking,
and handles uncertainty in decision-
making for dynamic environments.

The classification of boundaries
enable the safe gap identified
between the ego and surrounding
vehicles based on the expert
demonstrations, helps in
understanding the optimal maneuver
strategy that should be executed to
avoid collision

Enable the high-level strategic
decisions and adaptability features by
ensembles the output of each
learning-based for reliability
enhancement, variance reduction and
safety improvement

Efficiency

Success Rate
Collision Rate
Timeout Rate

Collision Rate
Route completion
Avg intervention
frequency

e Success Rate = 95.5%

Collision Rate (Intersection -
SARSOP) =0.7%

TTC (Crosswalk - SARSOP) =
10.51s

TTC (Crosswalk - QMDP) =
10.61s

TTC (Intersection—QMDP) =
6.20s

TTC (Intersection — SARSOP)
=4.38s

Probability Rate = 0.6 Simulation (Highway)

Simulation (Four-way
Collision Rate = 4.0% higher

Timeout Rate = 0.5% lower scenarios)

Collision Rate = 3.4% _ :
Route completion = 97.2% built-up surroundings

Avg intervention frequency =  With active weather and
0.4 lighting situations)

unsignalised intersection

Simulation (High-fidelity

Struggle in rapidly changing environments
where user behaviours and surrounding
conditions vary significantly

Computationally complex
Struggles with real-time adaptation and model
accuracy

Only consider the longitudinal value
Required the expert demonstrations for the
training purposes

Increase the complexity of framework
Required the expert demonstrations for the
training purposes
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Table 5. Continued

Decision- Approaches & Robustness of Decision-Making - - A
making Task ML category Algorithms Key Metrics Reported Performance Test Environment Limitation
Motion Transformer- Proposed method enable the AVsto e Average Distance Error e ADE =56.26% and 37.42%  Simulation (High-speed ¢ Dependency on the HDV's lane change
Planning and transfer learning  predict the trajectory of the HDVs (ADE) reduction (in Waymo dataset) ~ and low-speed scenario dataset for training purpose
Trajectory + uncertainty accurately when perform lane change e Final Distance Error o FDE =69.60% and 56.86% with the presence of AV. e Required perfect detection information and
Optimization quantification and by considering the uncertainty (FDE) reduction (in Waymo dataset) ~ and.lane change of HDV)  high-quality interaction data

[95] - HL

MCTS + IL + NN
[96] - HL

Double-layer RL
[97] - RL

DDQN-SS +
PPO-SS [98] -
RL

presence in the environment,

potential collision between AVs and

HDV can be avoided

Known as transparent decision-
making and safe planning as
proposed method provide explicit
exploration of action consequences
over multiple time-steps and clear
consequence of each nodes

presented, lead to potential collision

scenarios are identified and avoided

Provide consistent optimization
objectives based on the feedback
provided by lower layer and
trajectory-level reward function
deployed in upper layer guide the
parameter optimization of DRL
decision-making model

Leverage semantic segmentation
(DeepLabv3P) to'enhance the
vehicle's understanding of its
environment, leading to more
informed and stable decision -
making processes in autonomous
driving contexts

Collision Rate (CR)
Driving Area Non-
compliance (DA)
Ego Progress (EP)

Safety Reward
Efficiency Reward
Comfort Reward
Decision Execution
Reward

Accuracy
mean intersection over
union (MIOU)

e ADE =54.33% and 34.97%

reduction (in driver simulator
dataset)

e FDE =70.02% and 57.45%

reduction (in driver simulator
dataset)

e CR=3%
e DA=2%

e EP=98%

o Safety = -142.74 (two-lane)
and -0.23 per timestep (three-
lane)

o Efficiency = -204.49 (two-lane)
and -1.34 per timestep (three-
lane)

e Comfort = -10.72 (two-lane)
and -0.04 per timestep (three-
lane)

e Decision Execution = -162.40
(two-lane) and -0.54 per
timestep (three-lane)

o Driving stability (DQN-SS) =

14.2%

e Driving stability (PPO-SS) =

28.5%
e Reward increment = 25%

Simulation Env

Simulation (Multilane
with the host vehicle and
surrounding vehicles
present)

Simulation (CARLA
clear noon conditions)

Rely heavily on the model prediction accuracy
Sophisticated components lead to
computational overhead

Rule-based constraint applied in the DRL
model
Does not include the uncertainty element

A combined pipeline of semantic
segmentation (SS) and reinforcement learning
can introduce delays in decision-making

The SS network may not fully capture the
complexities and variabilities of real-world
driving conditions

Lower accuracy in SS can adversely affect the
decision-making outcomes
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Table 5. Continued

Decision- Approaches &

Robustness of Decision-Making

making Task ML category Algorithms Key Metrics Reported Performance Test Environment Limitation
End-to-End  Fairness Ensures balanced performance e Average Speed e Average Speed (Heavy traffic) ~Simulation(Highly e Reward function potentially leading to
and Multi- measurement &  between the cooperating vehicles, e Cooperative Rate =24.53 m/s dynamic highway suboptimal decision-making in collaborative
Agent softmax operation promoting cooperative behaviour o Average Speed (Loose Traffic) environments - Heavy scenarios
Decision- in MARL [103] - while allowing for independent =24.73 m/s Traffic & Loose Traffic) e Heavily relies on the quality and diversity of
Making RL decision-making and improves the e Cooperative Rate (Heavy the training data
overall stability and performance of Traffic) = 60.69 o Leads to a substantial increase in the
the learning process o Cooperative Rate (Loose dimensionality of the state and action spaces
Traffic) = 82.94
DQN in RL- Enabling the system to learn optimal e Collision Avoidance ¢ Collision Avoidance Rate = Simulation (Low Traffic e Simulation-based training
ACPAS [106] -  collision avoidance policies through Rate >90% Density, Moderate
RL continuous interaction . . Traffic Density, High

SAC + feature

extraction in HRL

[107] - RL

MARL + XAl
[108] - RL

GAIL-PPO [109] -

HL

2-Stage Rule
Learning [110] -
HL

Able to handle and process the
complex sensory inputs from radar
and LiDAR effectively and maximise
cumulative reward while maintaining
policy entropy

Integration of MARL and XAl
increases the robustness of the
decision-making framework in terms
of fewer collisions in the simulated
environment and a higher score of
SHAP

Utilisation of attention mechanism and
inter-frame redundancy reduction
strategy in providing high quality input
information to the decision-making
module allow improvement and
robustness in decision made as well as
safety enhancement

Enhanced safety of driving and
collision reduction in CAVs as the
knowledge and intelligence aggregation
enable continuous learning in changing
environment

Average Response Time
Efficiency Score

Collision avoidance
reward value

Collision Avoidance
Rate (CAR)

Average Reaction Time
(ART)

Success Rate
Decision Latency.
Collision‘'Rate
SHAP Score

Learning efficiency
Safety

Smoothness
Efficiency

Prediction accuracy
Decision transparency

Average Response Time: 50-
70ms
Efficiency Score: 8.4 - 9.2

Collision avoidance reward =

Higher
CAR =High success rate
ART = Low

Success Rate = 83%
Decision Latency = 132 ms
Collision Rate = 4.6 / 100 km
SHAP Score =0.77

Learning efficiency = 28.15%
Safety = 30.28%

Smoothness = 5.46%
Efficiency = 7.8%

Prediction accuracy = detect
more than 90% unsafe state
transitions

Decision transparency =
outperforms the VFDT baseline

Traffic Density)

Simulation and real scene

Simulation (Ambiguous
urban scenarios)

Simulation (Urban and
street scenario)

Simulation (Highway
driving)

Requires a large amount of computing power
The real-world environment is not fully
represented by model-based components

Requires human-supervision module to merge
the decisions from each agent in MARL
Low simulated episodes (200 episodes)

Reliance on the experts prior knowledge for RL
model

Reduction on the decision stability

Potential for False Positives in Unsafe
Predictions

Limited Adaptability to Complex Unstructured
Driving Environments
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Table 5. Continued

mlajlfi?:gs]lg)l'g-sk A,\ﬁﬁrg:fege;rf RobustnessA?éollr)ﬁcr::;l:n-Maklng Key Metrics Reported Performance Test Environment Limitation
End-to-End  Adv. RAIM [111] Enable the provided decision is e Travel time e Travel time = 59% reduction Simulation (Intersection) e Required data increment once the solution
and Multi- -RL collision free as the state/conflict e Time lost due to o Time lost due to congestion = performance has maxed
Agent encoder module deployed, ensure the  congestion 95% reduction ¢ Need extensive training time
Decision- environment is understood and « Waiting time « Waiting time = 56% reduction
Making features of each CAVs is fed into
input
Dual stream CNN Proposed hybrid decision-making e Decision optimality o Decision optimality = 30% Simulation (Town06 - e DL required high computational resources
+HFSM + DL framework enable the dynamicand  « Safety rate improvement Highway, Town02 - e Do not focus on the safety feature
[112] - HL adaptive strategy selection based on o Efficiency o Safety rate = 92% Urban)
the processed input from the dual- o | ane idleness rate o Efficiency = 66%
stream CNN, lead to safety e Lane idleness rate ="85.5%
enhancement and collision avoidance
in diverse environment using HFSM
for simple environment and DL for
complex environment
Behavioural- AdaBoost [57] -  Improves decision-making e Classification Accuracy e Accuracy.=>90% in 1s, 2sand  Simulation (Countryside e Limited to specific scenarios like cut-in
Level SL robustness by combining weak 3s time constraint road + four lanes + manoeuvres
Dec;(i;ion- classifiers for overtaking decisions. ¢ Validation accuracy = ~0.8 pedestrians crossing) e Struggles with uncertainty in real-world data
|Ma ing

SVM + SSA [61]
-SL

SVM + BOA [62]
-SL

Standard SVM
[64] - SL

Rule-based +
Supervised
learning [65] - SL

Classifies scenarios based on safety

parameters for lane change and
obstacle avoidance.

Classifies scenarios based on safety

parameters for lane change and
obstacle avoidance.

Classifies scenarios based on safety

parameters for lane change and
obstacle avoidance.

Analyses real-time vehicle states,

environment, and traffic data, refines

the decision model’s outputs by

learning optimal braking and steering

scale coefficients from previous

control performance and real-time

sensor input

Classification Accuracy

Classification Accuracy

Classification-Accuracy

Vehicle Stability
Collision Avoidance
Effectiveness

Accuracy rate = 93.6%

Accuracy = >85%

Accuracy = 94.2%

Low-friction road: performance
improvement = ~25%

High Friction Road:
performance improvement =
~24.3%

Simulation (Roadway)

Simulation (Training &
Validation) & Real-
vehicle Zhongtong bus)

Simulation

Simulation (Two lane
with right lane occupied
with jamming vehicle and
on left lane, obstacle in
front of host vehicle)

Narrows focus on lane changes
Lacks adaptability to complex traffic
conditions

Narrows focus on lane changes
Lacks adaptability to complex traffic
conditions

Narrows focus on lane changes
Lacks adaptability to complex traffic
conditions

The effectiveness of the self-learning
framework heavily depends on an accurate
perception of traffic scenario information
through sensors

Usage of multilayer neural networks and
dynamic decision models could introduce
computational challenges
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Table 5. Continued

Decision- Approaches & Robustness of Decision-Making . : A
making Task ML category Algorithms Key Metrics Reported Performance Test Environment Limitation
Behavioural-  Policy search +  Generate collision-free, smooth lane e Collision Avoidance Rate = 104% Simulation (Two lanes, e Inaccuracies in models could compromise the
Level Self-Supervised  change manoeuvres, enhancing its Rate Manoeuvre Optimality = with one lane with ego effectiveness of the generated manoeuvres
Decision- learning [68] - robustness in varied traffic scenarios e Manoeuvre Optimality Successful convergence of MPC “vehicle and anotherlane e Could impose computational burdens in real-
Making HL and providing a more resilient optimization problem with.target lane) time applications

LSTM [71] - DL

Linear algebra-
based [79] - DL

Fuzzy C-means +
XGBoost + RFE
[80] - HL

DQN + DDPG
[32] - RL

GMA-TD3 [82] -
RL

decision-making process

Predicts lane change intentions by o Classification Accuracy
analysing temporal dependenciesin e« Mean Square Error

driving behaviour

Facilitates computational efficiency
and enhances the clarity and
reliability of decisions made by

autonomous vehicles

Offer behaviour assessment and

predict the risk levels of

(MSE)

e Mean pixel accuracy
(mPA)

e Mean intersection over
the union (mloU)

Classification Accuracy

instantaneous next-step movements

Provides a robust, adaptive decision- e Travel time

making mechanism for autonomous e Average acceleration
vehicles and enabling them to make o Average velocity
informed about context-aware

driving decisions

Provide effective sequential

avoidance decision in the

¢ Navigation task
completion time

encountered scenarios based on the /@ Path length in

detected motion and utilized the

challenging scenarios

dual-level reward mechanism o Reward.convergence

speed

Accuracy rate = >93.0%
MSE =>0.0949

mPA =92.95%
mloU = 86.82%

Overall accuracy predictive

power = 91.7%

Safe-risk distinction accuracy =

~95%

Travel time = 94s (HDV = 149s)
Average velocity = 14.1 m/s

(HDV = 8.5 m/s)

o Average acceleration = 0.2 m/s2

(HDV: 0.1 m/s?)

Navigation task completion time
= least timesteps (490-578)
Path length = shortest (13.63 n

mile — 16.06 n mile)

Simulation (Two-way.
four lane expressway)

Simulation

Simulation

Simulation (three-lane
traffic scene for 2 km)

Simulation (3 scenarios:

Multi-ship, Two-ship and

encounter for static and
dynamic obstacles)

Requires extensive training data
Struggles with dynamic environmental
changes

Computationally intensive
Struggles with real-time decision-making in
complex environments

Lead to diminishing returns due to noisy data
and unmeasured hidden variables

Lack of real-world crash instances in the raw
dataset

Need a significant amount of interaction with
the environment to learn effectively

Struggle with high-dimensional state and
action spaces

Have difficulty in manual tuning

Limited adaptation in changing traffic
conditions in real-time

Unpredictable behaviour of conventional
obstacles
Utilized single RL agent

o Required tracking accuracy enhancement
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For DL of YOLOWS, it is used to identify objects in real time, and self-supervised learning is deployed to estimate
environmental depth. The combination of 2 methods yields robustness to adversarial attacks and occlusions, which is
crucial for real-world AV safety. In this task, the focus has shifted from detection accuracy to robustness to distribution
shifts. It also involves handling noise, occlusion, and diverse environmental conditions. For the behavioural-level
decision-making task, the tactical and intent-driven decisions are generated based on the sensory output from the
perception task. The utilised approaches are varied, which reflects the wide range of driving manoeuvres involved. For
example, the SL approach can successfully derive explicit policies from human imitation, while HL enables the merging
of policy search with self-supervised learning to provide more adaptive manoeuvre development. Meanwhile, the
implementation of RL led to a major accomplishment: DQN. The DQN agent interacts with the environment directly to
acquire the lane-change technique. This indicates the transition from imitation-based learning to optimisation-driven
behaviour. These activities are adjusted according to reward functions that prioritise stability, safety, and efficiency in
AVs However, the integration technique and the exploratory nature of RL may pose a major problem for safety criteria.
Thus, it is important to ensure that the generated policies remain both efficient and demonstrably safe in previously
unexpected driving scenarios.

As for the motion planning and trajectory optimisation task, it converts the decisions from the behavioural-level
decision-making task into real actions. Examples of real actions that will be executed by AVs are lane change, lane keep,
accelerate, decelerate, steer, and brake. These actions enable collision-avoidance events in. AVs While considering
obstacles, boundaries, traffic laws, and vehicle dynamics, the task will address continuous optimisation issues in AVs
Currently, most approaches rely on sophisticated RL and model-based optimisation. ;The MPC promotes a well-
established method for limited trajectory optimisation. However, its efficiency depends significantly on reliable systems
and prediction models. Hybrid DL-MPC techniques leverage deep neural networks to ‘predict complex dynamics or
collision-related cost functions, addressing modelling limitations. In cases of uncertainty, frameworks based on POMDPs
are combined with solvers such as SARSOP or online techniques like MCTS to provide theoretically principled solutions.
Besides, RL algorithms, such as DDPG, are used to learn continuous control policies in car-following scenarios. The
primary difficulty lies in finding a way to maintain both real-time computational speed and the high accuracy needed to
simulate complex nonlinear dynamics and unpredictable environmental factors. As for end-to-end and multi-agent
decision-making tasks, it usually combines the classic modular pipeline to’ tackle system-wide consistency and
coordination among multiple actors. The goals of the multi-agent and end-to-end decision-making tasks are to establish
balanced outcomes in shared settings (Multi-agent) and to master direct pixel-to-control mappings (End-to-End). An
example of an end-to-end approach is DDQN-SS.-The approach combines perception and control into a single network
and then uses it to optimise the global driving objective. Even though.the method offers greater flexibility, it still has
disadvantages regarding safety verification and interpretability. In"MARL, the decision-making task influences the
modelling of other agents' policies, fostering collaboration and ensuring fairness. The techniques, such as fairness
measurements and softmax operations in value networks, are designed to stabilise learning and foster equitable
cooperation among agents. However, the main obstacle is.the non-stationarity of the learning environment. This occurs
when all agents must learn simultaneously, violating the fundamental premise of a stationary MDP. It results in safety
guarantees and convergence difficulty.

In the ML-based context, each approach has limitations. For SL, these models tend to struggle in unstructured or
unpredictable driving conditions because they.rely on fixed data patterns. Meanwhile, for HL, hybrid models always
increase computational complexity, make pseudo-label thresholds more sensitive, and increase dependence on simulation-
based or synthetic data. This will affect scalability and real-world reliability. As for DL, the constraints include the need
for extensive labelled data for training and the computational intensity of training. These constraints will limit the DL
strength in real-world deployment. RL faces challenges such as high training costs, sample inefficiency, and real-time
scalability. Beyond these technical constraints, ethical decision-making is a major non-technical barrier across all ML
categories, especially in situations where collisions are unavoidable. Notably, the ethical decision-making system
proposed for AVs reduces the loss of life by an average of 24.11% compared to the standard algorithm [113]. Even though
various supervised techniques, such as AdaBoost [57], have been used to address this issue, there is no standard
framework in.the field to address this ethical decision-making challenge. Therefore, a crucial and unexplored field of
research is required.to incorporate ethical reasoning to balance occupant and pedestrian safety. Adjustments to traffic
laws also contribute to lowering unavoidable collisions by implementing the cost functions of hybrid models or the reward
functions of RL in AVs This challenge highlights the requirement of improving algorithmic performance and value-
sensitive design to produce safe and socially acceptable AVs. Table 5 presents a comparative performance analysis of
ML approaches categorised by decision-making tasks used to address the significant challenge of collision avoidance in
AVs. The table is structured based on decision-making tasks and ML algorithmic approaches. Table 5 presents the
progression of tasks, from simple perception, such as situational awareness, to more complex sequential decision-making,
including behavioural-level decision-making and motion planning. In the early-stage tasks, the SL and HL approaches
are utilised for classification and prediction, using methods such as AdaBoost for overtaking and YOLOVS8 for object
detection. In contrast, for later-stage tasks, it focuses on planning and control in AVs, which mainly use the RL and DL
frameworks such as DQN, DDPG, and POMDP. This indicates a shift towards learning optimal action policies in dynamic
and unpredictable environments.
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4. Conclusions

In recent years, machine learning has emerged as a key component of intelligent decision-making in AVs, especially for
collision avoidance. In this review, ML-based decision-making approaches are analysed and systematically categorised
into four major branches: supervised learning, hybrid learning, deep learning, and reinforcement learning. The
applicability of each approach presented is evaluated based on 4 key autonomous driving tasks: perception for situational
awareness, behavioural-level decision-making, motion planning, and multi-agent coordination. This structured
classification provides a comprehensive view of how various ML categories improve the effectiveness and safety of AVs.
Supervised learning methods such as AdaBoost and SVMs offer reliable performance in structured environments and are
highly effective for tasks like lane-changing and vehicle behaviour classification. However, they also come with
limitations. Their applicability in complex and uncertain environments is limited because supervised learning models still
rely on labelled data and are poorly adaptable to dynamic contexts. As for hybrid learning models, they improve upon
this issue by integrating unsupervised components. This results in prediction accuracy enhancement and feature selection
through combinations such as Fuzzy C-Means with XGBoost. Even though the hybrid learning model is efficient in
theory, it faces practical challenges, including generalisation issues and high computational costs.

Deep learning approaches, including LSTM networks, CNNSs, and integrated architectures such as Deep Learning-
based MPC, demonstrate strong capabilities in perception, temporal reasoning, and planning. Nevertheless, they have
limitations, such as high data requirements and computational demands. These deep learning. models also have limited
robustness in novel or ethically ambiguous scenarios. In comparison with reinforcement learning (RL), these RL models
benefit from a highly flexible and scalable framework for autonomous systems. The RL:agents are required to learn
directly through interaction with the environment and to allow for dynamic adaptation. Recent advancements:n RL have
produced sophisticated frameworks such as DDQN-SS and MARL. These sophisticated RL models have improved
trajectory prediction and cooperative behaviours in complex traffic scenarios. Furthermore, the deployed enhancements
in RL agents, such as DDPG, are integrated with Gaussian Processes and planners based on POMDPs, demonstrating that
decision-making under partial observability can be improved. Despite these enhancements, RL approaches still face
significant challenges, such as sample inefficiency, long training times, and'substantial computational demands that delay
real-time implementation.

Based on the comparative analysis shown in Table 5, no single ML approach emerges as a universal solution for
collision avoidance in autonomous driving for AVs Each approach exhibits distinct strengths and limitations, whether in
data dependence, computational load, or handling uncertainty. As a result, future decision-making systems in AVs are
required to prioritise the development of hybrid or.context-aware frameworks that integrate the complementary strengths
of approaches across these methodologies. For example, when RL's adaptability is integrated with model-based
controllers, such as MPC, this integration can increase safety guarantees or strengthen ethical reasoning within the AVs'
cost and reward functions. Another thing is that the field must progress towards real-world validation. Even though the
designed framework has been tested in simulations and provides valuable insights, it still falls short of replicating the
intricate and unpredictable environment of actual traffic_conditions. Besides that, future research should focus on
developing lightweight, edge-deployable models, advancing probabilistic reasoning under uncertainty, and enhancing the
integration of ethical frameworks within' AV decision modules. Additionally, the deployment of multi-agent systems will
support coordinated behaviours and intention prediction in connected environments, as it holds significant promise for
improving overall traffic safety and efficiency. Overall, this review contributes a structured classification and comparative
synthesis of ML-based approaches for AVs’ collision avoidance by bridging the perception, decision-making, and control
modules. It benefits researchers and practitioners by providing a specific roadmap towards safer, more robust, and socially
acceptable autonomous driving systems, emphasising task-specific capabilities, limitations, and interdisciplinary gaps.
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