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Abstract  

The proliferation of autonomous vehicle necessitates robust perception systems capable of functioning 

within inherently dynamic traffic environments. This dissertation systematically evaluates state-of-the-art 

object detection methodologies for autonomous vehicles through comprehensive taxonomic analysis. The 

prime objectives encompass: establishing a comparative framework for evaluating heterogeneous 

detection approaches; identifying domain-specific optimization strategies; and elucidating research 

trajectories within this rapidly evolving domain. The investigation categorizes detection paradigms across 

multiple dimensions: spatial representation (2D/3D), computational architecture (single/multi-stage 

algorithms), and sensory modalities (camera/LiDAR/fusion approaches). Methodologically, this work 

employs systematic review protocols incorporating bibliometric analysis of high-impact publications from 

Scopus, Elsevier, Springer, and Google Scholar (2018-2025). Performance evaluation integrates multiple 

benchmarks utilizing standardized metrics (mAP, IoU, latency) to facilitate cross-architectural 

comparison. Implementation will adapt high-performing architectures through transfer learning with 

emphasis on edge-optimization techniques including quantization-aware training and neural architecture 

search. Validation will employ both simulation environments and instrumented vehicle testing. This 

investigation addresses critical gaps in perception system robustness while providing actionable insights 

for autonomous driving technology advancement under diverse operational scenarios, ultimately 

enhancing traffic safety through more reliable obstacle detection. 

 

Keywords: 3D Object Detection, LiDAR, Multi-Sensor Fusion, Deep Learning, Perception System, 

YOLO 

 

I. INTRODUCTION 

Autonomous vehicles (AVs) and Driving Assistance Systems (DAS) are now a reality with the rapid 

development of technologies like wireless communication, edge computing, Machine Learning, and Deep 

Learning [1]. As per a report by the World Road Safety, 1.19 million lives are lost annually worldwide 

due to deaths, and the majority of these vulnerability are caused due to mistakes by pedestrians, cyclists, 

or drivers [1]. With the increasing level of autonomy, the complexity also increases as the autonomous 

capability increases, and hence the requirement of object detection also increases to avoid collision. Figure 

1 shows the level of autonomy of autonomous vehicles [2]]. 
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Figure 1: Level of Autonomy 

 

In Figure 1, Level 0 indicates no autonomy at all. Level 1 autonomy needs a human driver to operate but 

only some limited processes can be automated, level 2 achieves partial autonomy like steering and 

acceleration operation, in level 3 autonomy, it depends on some conditions, level 4 is advanced 

autonomous system or ADAS and level 5 mentions full autonomy with no interference of any human 

driver. Each level of autonomy adds more complexity. In spite of achieving a rapid growth in autonomous 

technology, those autonomous vehicles face some issues and challenges, which have been meticulously 

discussed in this article [6]. 

1.1 Aim of this study 

This research aims at building and evaluating an overarching framework for effective, real-time object 

detection algorithms for autonomous vehicles that reduces the chances of collision greatly under varying 

operation environments. Based on meticulous study of recent detection structures, this study looks forward 

to eliminating serious loopholes within prevailing approaches with special focus on computation intensity, 

adaptability with varied surroundings, and management of edge cases. We strive to develop a new multi-

modal sensor fusion paradigm that combines deep learning methods with probabilistic reasoning to 

address long-standing issues in occlusion management, robustness to adverse weather, and infrequent 

object detection. 

The research will be extended to optimizing algorithm performance on resource-limited embedded 

platforms while ensuring sub-millisecond latency requirements critical for safety-critical applications. 

Through the integration of theoretical innovation with empirical verification in controlled and naturalistic 

driving conditions, this research hopes to set new standards for detection precision and system 

dependability that surpass present industry norms. In addition, the research will introduce novel solutions 

to resolve the inherent conflict between minimizing false positives and detection sensitivity, especially in 

complicated urban settings where various object classes interact in unpredictable ways. 

The long-term goal is to make a groundbreaking technological platform that not only develops the 

theoretical frameworks of computer vision in dynamic scenarios but also provides implementable 

solutions that can cut collision-related events by an order of magnitude than current autonomous vehicle 

perception systems, thus hastening the way to large-scale deployment of Level 4 and Level 5 autonomous 

vehicles in free operational spaces. Object detection may be categorized as: 2D and 3D object detection, 

which has been discussed in the next section. 

1.2 2D versus 3D Object Detection for Autonomous Vehicle 

2D and 3D object detection are fundamental perception task, both having some pros and cons.2D object 

detection is user friendly and mostly rely on monocular camera and deep learning algorithms. So, it takes 

lower computational power than 3D object detection; but struggles with depth estimation, occlusion 

management and scale variation. On the contrary, 3D object detection can measure an Object with its size 
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and position in world coordinate. The ability to perceive depth directly makes 3D object detection superior 

for autonomous navigation, as it enables safer decision-making in critical scenarios such as lane changes, 

pedestrian avoidance, and obstacle detection in occluded environments. 3D object detection further 

enhances perception by compensating the weakness of individual sensor [6-7]. The following table shows 

the comparative analysis between the advantages, disadvantages and algorithm used for 2D and 3D object 

detection. 

 

Table 1: Comparative Analysis of 2D and 3D Object Detection for Autonomous Vehicle 

 Popular 

Techniques 

Advantages Disadvantages 

2D Object Detection Faster R-CNN, 

YOLO, SSD 

1.Lower processing 

requirement compared 

to 3D techniques 

2. Huge number of 

annotated datasets are 

available 

 

1.Can’t estimate object 

depth and distance 

2. Difficulty in detecting 

objects under occlusion 

3. Ambiguity in size 

estimation of the objects 

3D Object Detection Use complex 

algorithms like 

PointNet, Voxel 

Net 

1. 3D bounding boxes 

provide more 

prominent detection 

with object size and 

position 

2. Better understanding 

of the environment and 

the object 

1. Use more 

computational Power 

2. Require depth 

estimation for accurate 

object localization 

 

 

Object detection plays a crucial role, in the field of Computer Vision, enable systems to identify and locate 

positions with boundary boxes [8]. Despite significant achievements, there are some challenges related to 

object detection for autonomous vehicles: 

1. Detection of objects in adverse weather condition. 

2. Dynamic and unpredicted pedestrian or vehicle movement. 

3. Object Occlusion problems, when multiple objects entered in same view frame. It is hard to detect 

partially visible object. 

4. Detect objects in complex urban scenario or highly dense traffic scenario. 

5. Real time processing requirement is another significant challenge, because in case of autonomous 

vehicle second-split decision is really essential. 

6. Problem with multiclass and rare object detection. 

Using 2D object detection techniques using several Deep Learning algorithms like CNN, Yolo, R-CNN 

can create annotation and using less computing power can resolve issues of object detection but struggles 

with depth estimation and can’t handle the above-mentioned challenges. 3D object detection can handle 

those situations and can perform depth estimation and give geographical position in world coordinate [6]. 

The main contribution of the authors in this article includes exploring object detection techniques, 

performing a literature study on existing object detection techniques by various AV researchers, delibera- 
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ting state of the art, and also analyzing future trends of this research. 

The overall organizational construct of this paper can be shown in Figure 2: 

 

 
Figure 2: Structural Organization of the paper 

 

Section 1 introduces the concept and discusses the challenges of object detection, section 2 deliberates 

about existing literature exploring recent works on object detection techniques used for Autonomous 

Vehicle, section 3 describes about specific search criteria adapted for our analysis and also discusses 

different algorithms used for this purpose. Section 4 contains information of different trending object 

detection dataset and finally, section 5 concludes about the scope, limitation and the future trends of this 

research area. 

In summary, the total no of papers has been covered for literature study is 50 and the % of paper from 

each publication have been publicized in Figure 3. 

 

 
Figure 3: Publication % from different publishers 

We have covered 46% of IEEE publication and 24% of our journals from Elsevier publication, then 

springer comes to the next level and the least publication have been taken from Willey (4%) and ACM 

(4%). 
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2. RELATED WORKS 

Over the years Object Detection techniques have become more advanced and it has been progressed from 

traditional 2D Object detection algorithm to advanced 3D object detection, specially by using Lidar, Radar 

or multi sensor fusion based techniques [11]. Two dimensional object detection algorithms work on 2D 

boundary box and region proposal[8] and having large dataset  help those algorithms to reduce computing 

time and make it simpler, but while considering two-stage object detection algorithms like R-CNN, Faster 

R-CNN etc., those achieve high accuracy but low efficiency [10]; while 3D object detection techniques 

are more advanced and generate 3D bounding boxes and region proposal, generating better understanding 

of occluded objects or adverse environment scenario [12]. 

In this section, the recent and relevant papers related to different object detection techniques have been 

discussed. The year range for our selected papers has been selected for the literature study. 

Researchers have worked upon both 2D and 3D object detection. This section discusses about overall 2D 

and 3D object detection and focuses on 3D object detection [11]. 

The Two-Dimensional object detection techniques may be categorized as: single stage object detection 

and multi-stage object detection. 

For single stage object detection, object classification and bounding-box regression performs directly 

without using pre-generated region proposals. This approach becomes faster as it skips the region proposal 

stage and runs detection directly over dense sampling of possible locations. Example of 2D Object 

detection is using Yolo, SSD [10]. 

In case of multi stage object detection, higher accuracy can be achieved but it slower the algorithm due to 

the region proposal steps. Example of multi stage object detection algorithms are: CNN, R-CNN, Faster 

R-CNN [10]. Faster R-CNN model to develop learning model for autonomous vehicle. They also used 

data augmentation process to get a better performance. They used Waymo and KITTY dataset to collect 

real traffic images. For Waymo dataset the accuracy precision 94% and recall 92% with the learning rate 

of 0.5. For KITTY dataset, precision and recall of the proposed model are 92.38% and 92.37% ([12]-[13]). 

Like R-CNN, CNN-LSTM also performed by researchers to get better accuracy ([29],[31]). Ibrahim et. al 

proposed a hybrid Deep Learning based module for rear end collision detection and obstacle avoidance. 

They used CNN and LSTM with optimization to develop model and used primary data by running 

autonomous vehicle for several hours in a city, for their experiment [20]. 

The main problem is to find a trustworthy algorithm for autonomous vehicle. (Karmakar et. al., 2021) 

worked to establish a trust model for driverless car and its on-board unit components. They proposed a 

Deep Neural Network based Deep Learning model. Average precision and detection for car, LiDAR, 

camera, and radar are 0.99, 0.96, 0.81, and 0.83. They used VicRoads real traffic data and SUMO 

simulation model for their experiments. 

Multi-stage object detection mainly focused on accuracy of the result and and there are many researches. 

Sonata et. al, 2021 worked on Convolutional Neural Network on 16000 images to develop algorithm for 

self-driving car learning assistance. They followed the NVIDIA network model as a simulation model. 

They have achieved a satisfactory result [19]. 

Wang et. al. ,2021, also proposed a multi objective optimization model for autonomous vehicle using 

combination of genetic algorithm and deterministic policy gradient algorithm. They worked on primary 

data , collected their images by running autonomous vehicle for a few hours on Wei Gong Cun Road and 

they took images from different angles using retrofit autonomous vehicles [23]. 
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Ahemad and Meraj, 2020, in their work has discussed about advanced ML algorithm for self-driving car. 

In their work they describe an advanced Machine Learning model for self- driving car. In their work they 

discussed about neural network to use as a learning algorithm [17]. 

Thadeswar et. al., 2020 performed their experiment based on hardware platform. They used Arduino and 

RC car with lidar, Rader and GPS for their experiment. They worked on CNN, monocular vision algorithm 

to run their experiment. They used a secondary dataset COCO for object detection and simulated their 

model using YoLo. For research related to autonomous car, using secondary dataset is considered as a 

limitation, this is a safety critical system and the real scenario image should be captured [25]. Fathy et. al. 

worked on a traditional Machine Learning model to develop learning system and they used canny edge 

detection technique and disparity map to detect the object. They used algorithm like SVM and Radial 

Biased Function. They used primary data, collected from 86 trials [26]. 

Kukkula et. al.proposed a taxonomy for autonomous vehicle system, where they described different 

components used in Autonomous vehicle design. Convolutional Neural network was used. They simulated 

their experiment. It was tested that how many times the word “stop” was guessed correctly and action 

taken [29]. 

Chang et. al. developed a framework named “Deepcrash”, which was for multifactor rear end collision 

avoidance mechanism for vehicle-to-vehicle communication or vehicle to infrastructure communication. 

They used Deep Neural Network model to develop their framework. Their model was successful with 

96% collision detection, with average response time 6 to 8 second. They used real traffic accident data for 

their data [32] Gang et. al, 2019 used Support Vector Machine with optimization to determine. They used 

Support Vector machine and KNN, where Support Vector machine produced better result than KNN [16]. 

Guang, 2018 developed a safety evaluation method and they used Kalman Filter. They simulated their 

experiments using MATLAB. They performed their experiments on 60 training sample and 15 test sample. 

Their sample size is not so large [34]. 

Lei et. al., 2020 developed a graph-based path planning algorithm, using Ant Colony Optimization and 

Dijakstra Shortest path algorithm. They used MakLink simulator for simulating their experiment [36]. 

Yu and Petnga , 2018 performed their work based on hardware platform and they proposed a multiagent 

based collision avoidance framework. They used a special temporal collision avoidance algorithm, not 

only visual based. They used Airsim simulator to test their experiment [30]. 

There was another work on genetic algorithm by (Chen et. al., 2018), where the authors developed a 

collision prediction model with optimization, which can estimate a collision and as per their experiment, 

after 100 runs they got 95% confidence for collision detection [33]. 

You et. al. introduced a stochastic Markov decision process model to estimate to avoid collision and they 

used reinforcement learning and deep reverse reinforcement learning to develop their model. They used 

Q-Learning algorithm [25]. 

Except CNN or CNN-LSTM, also self-learning algorithms or reinforcement learning algorithms have been 

proved having better efficiency for object detection. You et. al. proposed a self-learning framework for 

avoiding collision between autonomous vehicles. Their proposed model was based on Artificial neural 

network. They used a set of 1300 sample among which 130 was used as a test data. They measure the 

performance using root mean square error [27]. 

The following table represents comparison of some of the work from the related fields (See Table 2) 
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Table 2: Existing work for learning algorithm of autonomous vehicle 

Citation Device/ 

Techniques 

Used 

ML Algorithm 

used 

Dataset and 

Sample 

Performance 

M. 

Hasanujjaman 

et. Al. (2023) [9] 

developing 

safety 

evaluation 

model 

(simulation 

through 

MATLAB) 

Optimization 

Support Vector 

Machine 

2016-2017 

traffic data was 

covered between 

two cities (city 

name not 

mentioned)- 60 

training sample, 

15 test sample 

Optimization SVM 

algorithm’s 

performance was better 

than SVM and KNN 

algorithm 

M. Ahemad 

and  M 

Meeraj(2020) 

[12] 

Image captured 

using QVGA 

camera, Infra- 

Red sensor 

Convolutional 

Neural Network 

Real time data 

collected by 

physically 

driving the 

vehicle and 

image capture at 

different 

moment and 

different angle 

 icacaycM ixxymixaM

41.29% 

Alsmari et. al. 

(2023) [13] 

Deep Learning-

based Object 

Detectors for 

Intelligent 

Control in 

Autonomous 

Vehicles 

Elman Neural 

Network and 

RetinaNet 

KITTI Image 

Dataset 

After Parameter tuning 

through Dragonfly 

Algorithm, the 

maximum accuracy was 

99.38% 

Razzaq et. al.  

(2022) [17] 

Multifactor Rear 

end collision 

avoidance 

mechanism 

Mamdani Fuzzy 

Inference model 

MATLAB fuzzy 

inference tool 

and Netlogo tool 

as a simulation 

environment 

With proposed multiple 

factor model - no 

collision was detected , 

without proposed 

model- 28 collision 

Sonata et. al. 

(2021) [19] 

Based on 

NVIDIA and 

Udacity self- 

driving car 

simulator 

network 

Convolutional 

Neural Network 

16,000 images 

with 10 FPS 

sampling rate 

and 320 x 16 

pixel 

16,000 images with 10 

FPS sampling rate and 

320 x 16 pixel 

R. Kavitha, and 

S. Nivetha 

(2021) [20] 

Raspberry Pi 4 YOLO (You Only 

Look Once) 

Pascal VOC 

Image Database 

Shows 88% accuracy 

for car and 72% 

accuracy for pedestrian 
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Wang et. al. 

(2021) [21] 

Matlab/ 

Simulink, 

Prescan 

Multi object 

optimization 

problem- based on 

Genetic algorithm 

and Deep 

Deterministic 

policy gradient 

algorithm 

Primary data 

collected from 

the intersections 

of Wei Gong 

Cun Road using 

subgrade sensors 

and a retrofit 

autonomous 

vehicle. 

The trajectory 

prediction error in Root 

mean square error was 

1.0579 and  2.8518 

Wang et. al. 

(2021) [23] 

Self-Learning 

control 

framework for 

collision 

avoidance 

Multi-layer 

Artificial Neural 

Network 

Sample size was 

with 1300 

experiment (Raw 

data), among 

which for testing 

set 130 sample 

was chosen 

Performance was 

measured using root 

mean square error. The 

RMSE of the braking 

scale factor is 0.029, 

and the RMSE of the 

steering scale factor is 

0.086 

Lei et. al. (2020) 

[43] 

Graph based 

path planning 

algorithm 

Ant colony 

optimization, 

Dijakstra 

Algorithm 

Graphs have 

been collected 

using 

MAKLINK 

simulator 

Path length 11.5219 

which is lesser in 

comparison with 

Dijakstra, PSO or IPSO 

algorithm 

Thadeshwar et. 

al. (2020) [25] 

Arduino, RC car CNN, Monocular 

Vision Algorithm, 

Haar Cascade 

Classifier 

COCO dataset Precision is 94.03% and 

recall 92.13% 

Fathy et. al. 

(2020) [26] 

Canny edge 

detection, 

Disparity Map, 

Support Vector 

Machine, Radial 

Basis Function 

Primary data was 

collected by 86 

trials of the car 

With authors dataset -

Naive Bayes accuracy 

was 95.8%, for SVM 

98.6% , for nearest 

neighbour 96.5% and 

for Decision Tree 

accuracy was 97.9% 

With real dataset, SVM 

achieved highest 

accuracy of 82% 

Chen et. al. 

(2020) [29] 

Lidar, GPS, 

Open racing Car 

simulator as a 

simulation 

platform 

Combination of 

Deep CNN-LSTM 

ImageNet 

Dataset 

With Resnet 50, LSTM 

and FCN the training 

accuracy is 87.12% and 

validation accuracy is 

84.01% 
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Toro et. al. 

(2019) [31] 

Interacting 

Multiple model 

Multiple model 

estimation 

algorithm- 

extended Kalman 

Filter and General 

particle filter 

Primary data 

collected by 

driving vehicle 

RMSE of single model 

7.448872, 67% 

accuracy in evaluation, 

RMSE of interacting 

Multiple model  is 

7.4489 

You et. al. 

(2019) [32] 

Stochastic 

Markov 

Decision 

Process Model 

Reinforcement 

Learning and Deep 

inverse 

reinforcement 

Learning,DNN 

Pygame 

simulator used to 

simulate traffic 

data 

learning rate for Q-

learning α = 0.75, 

discount rate γ = 0.5, 

DNN .learning rate λ = 

5e−3, regularizer 

coefficient β = −1e−4, 

and ϵ = 8e−2 

Kukkala et. al. 

(2018) [36] 

Taxonomy for 

autonomous 

driving system 

using vision 

sensor, 

monocular 

camera, stereo 

camera, LIDAR 

Convolutional 

Neural Network 

Primary data 

collection by a 

few hours 

driving 

Confidence 0.921287 

tried with word “stop” 

Yu and 

Petnga(2018) 

[37] 

Multiagent 

collision 

avoidance 

framework 

shape based spatial 

temporal collision 

avoidance 

algorithm 

Airsim 

simulation 

platform has 

been used 

Root Mean Square 

Error in detection 

0.0241 and correlation 

coefficient is 92% 

Chang et. al. 

(2019) [32] 

Deep Crash- 

Deep Learning 

based Internet of 

Vehicle 

architecture 

Deep Neural 

Network 

Real traffic 

accident image 

collected from 

internet for 

training purpose 

and 50 times 

experiment 

performed 

96% collision detection, 

with average response 

time 6 to 8 second 

Chen et. al. 

(2018) [40] 

Collision 

prediction 

model 

(optimized 

model) 

Genetic algorithm, 

neural network 

48 set of samples 

generated by 

VISSIM 

simulator 

100 runs completed 

with 95% confidence 

interval 

http://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR260485669 Volume 8, Issue 4, July-August 2026 10 

 

Guang et. al. 

(2018) [41] 

Autonomous 

Vehicle 

Navigation 

system- known 

as inertial visual 

navigation 

system 

Kalman filter Primary data 

collected by 

image capture of 

a running vehicle 

Performance was 

measured through 

attitude error and 

position estimation. For 

proposed model, 

position was of latitude 

and longitude are9.9625 

× 10−70 and 6.7123 × 

10−70(improved 

accuracy) 

 

The above table discusses about related researches performed by several AV researchers. The overall 

study shows that, though initially researchers selected traditional ML techniques to detect objects [39-42], 

as per time flows more inclination towards deep learning models and object detection algorithms like 

Yolo, SSD can be observed ([12-14],[39][43]). 

The following research gap may be perceived from the above literature study: 

i) Traditional ML algorithms are not able to achieve high accuracy. 

ii) Deep Learning algorithms generate high accuracy but time complexity is more, but combination of 

CNN-LSTM gives nearly 87% accuracy. 

iii) Some Machine Learning algorithms like Support Vector Machine or Naïve Bayes generates 96-97% 

accuracy, but they can perform well only with cunny edge detection, which itself takes extra amount of 

time and creates additional complexity. 

iv) Response time in some cases are more. 

The result of our study depends upon how we have selected our search criteria and which was our article 

selection criteria, which has been deliberated on section 3. 

 

3. SEARCH CRITERIA AND EXISTING ALGORITHM DISCUSSION 

This section describes the adapted approach for the review work and explains about search criteria, dataset 

selection and adapted approach for this review. It has been followed the systematic review approach, 

which has been exhibited through PRISMA diagram (Figure 3). The following diagram demonstrates the 

overall process flow, which explores the selection criteria. The high quality, peer reviewed journal and 

conference articles have been selected from year 2018 to 2025. 

3.1. Search criteria 

Our work convoys a search across four academic databases, including IEEE Xplore, Springer, Scopus, 

and Science Direct, to find suitable research articles. All above-mentioned databases were selected to 

cover various autonomous vehicle related articles. IEEE Xplore and ScienceDirect covering multiple 

technical domains. Moreover, a search was performed on Google Scholar to ensure no relevant articles 

were missed in the previous database searches. The following table (See Table 3) shows the keywords that 

we selected to continue our search. 
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Table 3: Keywords used for our literature search 

Category Keywords 

Object Detection Object Localization, 3D Object Detection, 

Single Stage Object Detection, YOLO, SSD, 

VoxelNet, Point Cloud 

Algorithms CNN, CNN-LSTM, Faster R-CNN, YOLO, 

Deep Neural Network 

Sensors Lidar, Camera, Ultrasonic Sensor, Optical 

Sensor, Monocular Sensor 

The specific keywords have been used to find out suitable articles to perform the search and after that a 

systematic study have been performed with selected peer-reviewed articles. Those keywords helped in 

fine tuning of article selection criteria. 

3.2 PRISMA Study 

The selected articles have been curtained by performing several rounds of screening process. Initial 

screening was done based on selected keywords and title. The flowchart described below demonstrates 

article inclusion process. 

After initial screening based on title and keywords, 20 articles have been rejected and 80 articles goes to 

the next screening phase, where, abstracts have been studied to match with our aim of work and after 

fulfilling 50 articles selected for the next round of screening. At the final selection round, after analyzing 

performance and full article review, 25 papers have been selected for full comparative analysis and state 

of the art analysis, which further can be seen through PRISMA diagram (Figure 4). 

 
Figure 3: PRISMA Diagram 

 

The above diagram is a systematic approach to show how we have performed our systematic review 

stepwise and how our screening process was done. We have initially selected papers roughly based on our 

topic and range from 2018-2025, following the guidelines of PRISMA statement [48]. 
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During our study, we have been familiar with some popular databases and tools which has been used for 

object detection for AV. 

 

4. DISCUSSION OF TRENDING DATASETS AND TOOLS 

The performance of object detection can be fine-tuned with available dataset, by selecting training and 

testing data and this section discusses about popular datasets for this research area and also about sensors 

available. 

4.1. Datasets available for object detection of Autonomous Vehicles 

For this research, mostly image and video data are required and except primary data, those data can be 

found from available dataset, which have been discussed below: 

1. Waymo Open dataset-   It is a motion planning as well as perception video dataset for autonomous 

vehicle [44]. The perception dataset entails 1150 videos each having span of 20 seconds, involving of 

well synchronized and standardized high-quality LiDAR and camera data apprehended across a range 

of urban and suburban layouts. This comprises high-resolution sensor data and labels for 2,030 

segments, key points labels, 2D-to-3D association labels, 3D semantic segmentation labels, and 2D 

video panoptic segmentation [ 44]. 

2. Berkley Deep Drive Dataset- This is the largest and most diversified video dataset for autonomous 

vehicle, comprising 1,00,000 videos for 10 different types of perception tasks. [45]. High-resolution 

photos and GPS/IMU data covering several scene types, including city streets, residential 

neighborhoods, and highways in a range of weather conditions captured at different times of the day, 

are included in this crowdsourced dataset. 

For picture tasks, each video's tenth second image frame is annotated, and for tracking tasks, the full 

sequence is used. Realistic driving circumstances are covered by BDD100K, which also captures more 

of the appearance diversity in the "long-tail."[46]. 

3. KITTI Dataset-   It is a large dataset for autonomous vehicle under Lidar based driving. It provides 

360 field of view for Lidar based automation. This dataset is available in Github repository. The dataset 

is available with single span and multiple spans [47]. 

4. COCO dataset- This dataset is also a popular dataset for autonomous vehicles; it is a large-scale 

dataset for object detection and segmentation [47]. The name is Common Object in Context. This 

popular dataset contains 3,30,000 images from which less than 2,00,000 is labelled data and 1.5 million 

of object instances having 80 different object categories. Fifty-One is an Open-source tool which can 

be used to add data in COCO dataset. (Thadeswar et. al,2020) used COCO dataset for performing their 

experiment to detect collision between two autonomous cars [25]. 

5. v) Pandaset Dataset- 

 

5. CONCLUSION AND FUTURE DIRECTION 

The object detection for autonomous vehicle domain has witnessed a significant progress over last couple 

of years, driven by Deep Learning, sensor fusion and Real time computing. This review has systematically 

endorsed multiple dimensions of this research, including algorithmic exploration, dataset diversities or 

system modality. Despite the impressive stride made, several critical issues persist, impeding the seamless 

integration of object detection systems into fully autonomous driving pipelines. 

One noteworthy limitation of the current study lies in the unavoidable reliance on published literature, 

which is often biased toward successful methods and benchmark achievements, possibly neglecting 
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unpublished negative results or deployment failures. Besides, the rapidly evolving nature of the field 

means that emerging techniques—particularly those involving foundation models, multimodal 

transformers, and neuromorphic vision—may not be completely represented. 

From a methodological standpoint, existing object detection systems continue to grapple with 

generalization across unnoticed environments, robustness under adverse weather or occlusion, and the 

interpretability of model decisions. These limitations are intensified by the deficiency of standardized 

evaluation metrics that reflect real-world operational safety requirements, rather than simple pixel-level 

accuracy or bounding box precision. 

The predominant trend in this research area indicates a paradigm shift from isolated perception modules 

to end-to-end learning frameworks that incorporate perception, prediction, and planning in a incorporated 

model. There is also a growing emphasis on efficiency-aware architectures that can balance performance 

with resource constraints for edge deployment in vehicular systems. 

Looking forward, upcoming research must be lined up in the following directions: 

 The development of domain-adaptive and uncertainty-aware object detection models that can handle 

edge cases with nominal supervision. 

 The creation of diverse, large-scale, and ethically sourced datasets capturing the long tail of rare 

driving scenarios. 

 Deeper investigation of explainability and reliability in detection systems, especially in safety-critical 

systems. 

 Collaborative frameworks that participate in object detection with vehicle-to-everything (V2X) 

communication and dispersed decision-making. 
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