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Abstract - Autonomous Vehicles (AVs) integrate advanced perception and path planning systems to navigate complex 

environments safely. This paper presents a comprehensive review of sensor-based perception, collaborative 

awareness, and trajectory optimization strategies. Key challenges such as dynamic obstacle handling, real-time 

computation, and reliability are discussed. The integration of deep learning models from recent research enhances 

perception accuracy and path planning efficiency. Future directions focus on multi-agent cooperative perception and 

AI-driven predictive planning for safer and more efficient autonomous navigation. 
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1. Introduction 
Autonomous Vehicles (AVs) aim to operate safely and 

efficiently without human intervention by leveraging 

advanced sensing, computation, and decision-making 

capabilities. Perception systems provide accurate 

environmental understanding while path planning algorithms 

determine safe trajectories. Deep learning models and sensor 

fusion enhance the detection of dynamic objects and improve 

trajectory prediction. Recent advancements in AV 

technology have focused on multi-sensor integration, 

combining LiDAR, radar, and camera inputs to generate a 

comprehensive view of the environment. This integration 

enables vehicles to detect pedestrians, other vehicles, lane 

markings, and traffic signs with high precision, even in 

challenging scenarios such as low-light conditions or 

occlusions. Furthermore, dynamic object tracking allows 

AVs to predict the motion of nearby obstacles and adjust 

their trajectory in real time, improving safety and collision 

avoidance. 

 

Another critical aspect is environmental mapping, where 

high-definition maps are used alongside real-time perception 

data to enhance localization and situational awareness. 

Combined with behavior prediction models, AVs can make 

informed decisions for maneuvers such as lane changes, 

merging, and overtaking. The integration of these systems 

within a real-time decision-making framework ensures that 

AVs can navigate complex urban and highway scenarios 

while complying with traffic rules and optimizing efficiency. 

Overall, the synergy between perception, prediction, and 

path planning, powered by advanced machine learning 

algorithms, forms the backbone of modern autonomous 

driving systems, providing a foundation for fully 

autonomous operation in diverse environments. 

 

 

 

 

2. Perception in Autonomous Vehicles 
2.1. Sensor Suite 

Autonomous Vehicles (AVs) rely on a comprehensive 

sensor suite to perceive their surroundings accurately. 

Commonly used sensors include LiDAR, cameras, radar, and 

ultrasonic devices, each offering distinct advantages. LiDAR 

provides high-resolution 3D mapping, enabling accurate 

distance estimation and obstacle detection even in low-light 

conditions. Cameras capture rich visual information, 

including lane markings, traffic signals, and object textures, 

which is essential for semantic understanding. Radar offers 

robustness in adverse weather, such as rain or fog, and is 

particularly effective for tracking moving objects. Ultrasonic 

sensors complement these systems by providing short-range 

proximity detection, which is crucial for parking and low-

speed maneuvers. 

 

Sensor fusion techniques integrate data from these 

heterogeneous sensors to reduce uncertainty and mitigate the 

limitations of individual sensors. For instance, combining 

LiDAR depth information with camera imagery improves 

object detection accuracy, while radar data can filter out false 

positives in dynamic traffic scenarios. Modern AV 

frameworks implement real-time fusion algorithms, often 

powered by deep learning, to ensure reliable environmental 

perception in diverse conditions [6][14]. 

 

2.2. Object Detection and Classification 

Once sensor data is fused, AVs require robust methods 

for object detection and classification. Deep learning models 

such as Convolutional Neural Networks (CNNs) and 

Quantum Convolutional Neural Networks (QCNNs) have 

demonstrated high performance in recognizing vehicles, 

pedestrians, cyclists, and traffic signals [7], [8]. These 
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models are trained on large-scale datasets and can generalize 

to complex urban and highway environments. 

 

The use of QCNNs is particularly promising for high-

dimensional data, allowing AV systems to classify and 

prioritize objects efficiently in real time. Applications 

include identifying moving vehicles to predict their 

trajectories, detecting pedestrians at crosswalks, and 

recognizing traffic signs to enforce compliance with road 

rules. Integrating these detection systems with predictive 

algorithms enables AVs to anticipate potential hazards and 

take proactive actions, such as slowing down, changing 

lanes, or stopping [9], [11]. 

 

2.3. Collaborative and AI-Enhanced Perception 

Beyond individual vehicle perception, collaborative 

frameworks allow multiple AVs to share sensory data and 

environmental insights through Vehicle-to-Vehicle (V2V) 

and Vehicle-to-Infrastructure (V2I) communication. This 

shared perception is essential for handling occlusions, 

detecting hidden obstacles, and improving situational 

awareness in dense traffic or complex urban environments 

[6], [14]. 

Recent advances incorporate AI-enhanced multi-modal 

perception, where deep learning algorithms process data 

from multiple sensor modalities simultaneously. For 

example, attention-based networks can dynamically focus on 

critical regions in camera imagery while integrating radar 

and LiDAR inputs to improve detection accuracy [03]. Such 

multi-modal systems reduce false positives, increase 

detection speed, and enhance overall safety by enabling 

predictive perception, allowing the vehicle to anticipate 

object movements and make informed decisions. 

 

In summary, the combination of a robust sensor suite, 

deep learning-based object detection, and collaborative AI-

driven perception forms the foundation of modern AV 

perception systems. These technologies work together to 

provide reliable, high-fidelity environmental understanding, 

which is critical for safe and efficient autonomous navigation 

in real-world scenarios. 

 

 
Fig 1: Autonomous Vehicle Perception Pipeline 

 

3. Path Planning 
3.1. Graph-Based Planning 

Algorithms such as A* and Dijkstra compute optimal 

routes on discretized road networks, considering obstacles 

and traffic regulations. 

 

3.2. Sampling-Based Planning 

RRT and PRM explore feasible paths in continuous spaces, 

ensuring collision-free trajectories in dynamic environments. 

 

3.3. Optimization-Based Planning 

Model Predictive Control (MPC) and other optimization 

frameworks generate smooth, safe paths while adhering to 

kinematic constraints [9], [10]. 

 

3.4. Contingency and Overtaking Strategies 

Advanced AVs implement probabilistic contingency 

planning for dynamic obstacles and multi-objective 

overtaking maneuvers, integrating deep learning models for 

trajectory prediction [7], [11], [12]. 

 

Table 1: Path Planning Trajectory around Obstacles 

Algorithm Safety Efficiency Complexity 

A* Medium High Medium 

Dijkstra High Medium High 

RRT Medium Medium Medium 

PRM Medium High Medium 

MPC High High High 

 

4. Challenges 
Dynamic Environment Handling: Real-time adaptation 

to moving obstacles is essential. Sensor Limitations: 

Weather, noise, and occlusion reduce detection reliability. 

Computational Complexity: High-performance processing is 

required for multi-sensor fusion and real-time path planning. 

Scalability: Extending collaborative perception across 

vehicle networks poses communication and latency 

challenges [6], [14]. 

 

5. Conclusion 
Robust perception and predictive path planning are 

critical for safe and efficient autonomous vehicle operation. 

Integrating deep learning models, collaborative frameworks, 

and advanced trajectory optimization significantly improves 

AV reliability. Future research should focus on AI-enhanced 

cooperative systems to navigate complex environments 

safely. 
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6. Future Work 
Enhanced collaborative perception using multi-agent 

deep learning frameworks. AI-driven predictive path 

planning for complex urban scenarios. Scalable and energy-

efficient hardware platforms to support real-time 

computation. 
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