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               ABSTRACT

Artificial intelligence(AI),


input	 		 	 	 	 	 	 Systems using artificial intelligence (AI) are 
advancing significantly in several domains, such as autonomous face recognition, medical imaging, and driving 
that	 have	 lifted	  performance	 	 standards	 	 are	 discussed medical imaging. 
Thanks to complex algorithms and deep learning techniques, these systems can recognize patterns, classify pho 
tos, and detect things in real time. This abstract looks at the fundamental AI tools for computer vision, like 
convolution	 neural	 	networks	 (CNNs)	 and	 transfer	 learning,	 	 which	 	have	 greatly	 improved 
performancestandards.In this abstract, the fundamental AI tools for computer visionsuch as convolutional neur 
al networks (CNNs) and transfer learning


(CNNs), real-time object identification has undergone a significant transition, 
especially for autonomous driving. The application of advanced CNN architectures is explored in this paper to 
identify and categorize objects in various contexts, which is a crucial function for safe navigation. Focusing on 
popular


we analyze their ability to strike a compromise between speed and accuracy in real contexts. We also 
look into real-time item detection challenges, including computing constraints, environmental variability, and 
safety concerns. We look at techniques like	 model compression  
enhance CNN                             ensure reliability.


Particularly for autonomous vehicles, real-time object identification has undergone a considerable 
transformation	 quick development	 technologies, especially


. This study examines how sophisticated CNN architectures may be used to identify and 
categorize objects, which is essential for safe navigation. With an emphasis on	 models


, and	 we examine how well they 
can balance accuracy and speed in real-time situations. We also examine the difficulties that come with real- 
time item detection, such as safety issues, processing limitations, and environmental fluctuation. Strategies to 
improve CNN performance and guarantee dependability are covered, including data augmentation, transfer 
learning, and model compression.


Case studies of well-known autonomous car systems, including as Waymo and Tesla's Autopilot, show 
how CNN-based technology may be used practically in everyday situations. In the end, this study highlights 
how important CNNs are to	 efficacy	 and suggests 
possible paths for further development in this quickly developing area.




Real-time object detection is to

might result in hazardous circumstances. To the

Convolutional neural networks,

of

CNNs, are the
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1. INTRODUCTION


One of the most revolutionary uses of artificial intelligence (AI), which has transformed several fields, is 
computer vision. This multidisciplinary field combines image technologies, computer science, and artificial 
intelligence to allow machines to comprehend and interpret visual data from the environment they live in. From 
augmented reality and medical imaging to facial recognition and driverless cars in actuality, AI-powered 
computer vision is revolutionizing sectors and improving our everyday lives. When combined with imaging 
technologies, artificial intelligence in computer vision allows devices that can comprehend and interpret visual 
data. Through emulating human visual perception, Tasks including object detection, scene analysis, and facial 
recognition are made possible by this field.Important uses include security systems, augmented reality, medical 
imaging, and driverless cars. like data and ethical issues.


The possibility for creative solutions increases as processing power and data accessibility keep rising.

But there are obstacles Addressing privacy is still crucial as technology advances. All things considered, AI in 
computer vision is improving daily experiences and revolutionizing businesses. Computer vision has made 
great strides thanks to artificial intelligence (AI), with	 or	 a t  
forefront           change. CNNs belong to the deep learning algorithms created especially to handle and evaluate 
visual data, simulating the Images are perceived by human brains.


Transportation is being revolutionized by autonomous vehicles that incorporate artificial intelligence (AI). 
Real-time object detection is a crucial part of these systems since it allows cars to sense their surroundings and 
make wise decisions. This study examines deep learning techniques that have been effectively used for object 
identification, going into their architectures, performance indicators, and potential applications in the creation 
of safer and more effective driverless cars.


1.1. BACKGROUND


Finding and locating things in pictures or video streams is known as object detection, and it is a basic problem 
in computer vision. This feature is essential for autonomous cars to identify obstacles in real time, such as cars, 
people, and traffic signs. Good object recognition improves safety and navigation efficiency by enabling the car 
to make well-informed decisions.


The following are some major obstacles to autonomous car object detection:


Occlusion: It might be challenging to recognize objects when they are partially obscured from view. 

Lighting Variations: Image quality and detection accuracy may be impacted by changes in ambient lighting. 

Real-Time Processing: Quick detection is necessary to provide prompt reactions to changing circumstances.


Computer vision has seen a revolution because to deep learning, especially since Convolutional Neural 
Networks (CNNs) were introduced. By automatically learning hierarchical characteristics from data, CNNs 
greatly increase the accuracy of object detection.


Deep learning's introduction has completely changed this field. Modern object detection techniques now rely 
on convolutional neural networks (CNNs). Region-based tactics are used by methods such as	 	 its 
offspring (	 Faster	 improve accuracy and robustness. These techniques may extract 
intricate feature representations by utilizing deep learning, which leads to notable performance gains on a 
variety	 	 	 of	 datasets. 

Crucial autonomous vehicles' operational effectiveness and safety. Vehicles that

can swiftly identify and categorize things are able to make snap judgments, such stopping for pedestrians or 
avoiding obstructions. Low latency is an essential prerequisite for autonomous navigation systems since 
detection delays	 sum up,    integration   sophisticated artificial 
intelligence algorithms with computer vision techniques is essential for improving the performance of self- 
driving cars and allowing them to traverse intricate situations with increased dependability and safety.
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1.2. STATEMENT OF THE PROBLEM


The efficacy and safety of real-time object identification for autonomous cars are hindered by a number of 
important issues. Environmental variability is a significant problem, as shifting weather and lighting can have a 
negative effect on detection accuracy. Additionally, tracking and identifying cars and humans is made more 
difficult in complicated real-world scenarios with moving items and dense landscapes, especially when 
occlusions occur. Additionally, many state-of-the-art models struggle to	 compromise


the required infere                                    performance, which results in computational restrictions. 
Furthermore, the generalization capabilities of detection models may be limited by the fact that current datasets 
do not cover the entire spectrum of circumstances that autonomous vehicles might encounter. Last but not least, 
inaccurate object detection raises safety issues and emphasizes the need for explain ability and reliability 
enhancements .The successful implementation of safe and efficient


The intricacy of driving situations in the actual world poses serious difficulties in addition to environmental 
influences. Particularly in urban settings, a variety of objects, such as other cars, pedestrians, cyclists, and road 
signs, frequently cause clutter. Occlusions, in which one object blocks the view of another, can make it 
challenging for detection systems to precisely identify	 and dynamic nature  these 
settings implies that objects may move in unpredictable ways. Because of this complexity, sophisticated 
algorithms that can quickly adjust to new circumstances are required.


Lastly, the adoption of autonomous vehicles must prioritize safety considerations. Dangerous circumstances, 
such as crashes or refusal to yield to pedestrians, might result from inaccurate object detection. Improvements 
in the explain ability and dependability of detection systems are therefore desperately needed. Gaining the 
public's trust and satisfying legal requirements depend on these systems' ability to not only operate accurately 
but also to give clear justification for their choices.


In conclusion, resolving these complex issues is necessary for the effective deployment of real-time object 
identification in autonomous cars, with an emphasis on enhancing precision, velocity, and dependability in a 
variety of uncertain driving conditions.


1.3. Objectives of the Research on Real-Time Object Detection


1. Develop High-Performance Detection Models: To develop and improve object detection models intended 
for real-time applications,	 appropriate autonomous driving 
settings.


2. Benchmark Existing Algorithms: To determine the most efficient methods, the performance of the most 
advanced	 available today,	 in real- 
time settings will be assessed and compared.


3. Use Effective Sensor Fusion: To develop and evaluate sensor fusion methods that integrate information 
from radar, LIDAR, and cameras to improve object detection accuracy and dependability in a range of 
environmental circumstances.


4. Adjust to Environmental Variability: To create algorithms that can continue to provide reliable detection 
results in the face of environmental changes, including changes in object occlusions, lighting, and weather.


5. Optimize Computational Efficiency:To investigate methods for optimizing detection algorithms including 
model pruning and quantization ensuring they operate effectively on the limited computational resources 
available in autonomous vehicles


6. Conduct Real-World Evaluations: To implement the developed object detection systems in real-world 
driving environments using benchmark datasets to assess their performance and practical applicability
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2018).
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To improve	 overall	 autonomous navigation 
through robust and efficient object detection capabilities minimizing the risk of accidents and


improving decision-making


8.Explore Future Research Directions: To identify and propose areas for further research such as 
advancements in explainable AI        	 	 integration v2x communication to 
enhance situational awareness these objectives aim to advance the technology of real-time object detection 
contributing to	 in complex driving scenarios


2.LITERATURE REVIEW


Significant progress in real-time object identification for autonomous cars has been made recently, thanks to 
deep learning and sensor fusion. With continuous efforts to refine these algorithms for real-time applications 
using	 models likeYOLO  S S D  dominate the scene because 
of their quick and accurate detections. In order to develop reliable fusion approaches that improve detection 
reliability in difficult situations like bad weather and occlusion, it is no                                  

Sensors,                 cameras   ,           and               Deny moving objects in congested situations and managing 
illumination fluctuation are two common issues that researchers are concentrating on. The move to real-world 
testing and benchmarking with datasets such as scenes and KITTI is essential for assessing real- world 
constraints. Exploring end-to-end learning systems, improving explain ability for safety, and using vehicle-to-
everything (V2X) communication to boost situational awareness are some future areas. All things considered, 
the subject is developing quickly, with a focus on real-world applications and performance optimization to 
improve autonomous navigation systems' efficiency and safety.


A variety of approaches, techniques, and applications are covered in the literature on real-time object 
identification in autonomous cars. This overview highlights the shift from conventional methods to 
contemporary deep learning methodologies, concentrating on significant contributions, developments, and


1. Conventional Object Detection Techniques: Handcrafted characteristics were a major component of early 
object detection techniques. For face detection and other easy tasks, methods like Haar cascades (Viola & 
Jones, 2001) were frequently employed. This was enhanced by HOG (Dalal&Triggs, 2005), which offered 
superior invariance to variations in scale and lighting. The inability of these approaches to manage intricate 
sceneries and a wide range of object appearances, however, stoked interest in more sophisticated approaches.


2. Methods of Deep Learning : Deep learning's development has drastically changed object detection. More complex 
models were made possible by the advent of CNNs (Krizhevsky et al., 2012). Among the noteworthy contributions are:


proposes regions of interest through selective search and then extracts features 
using CNN. Despite its effectiveness, it requires a lot of computing power. Fast R-CNN (Girshick, 2015): This version is 
better suited for real-time applications since it increases speed by distributing computations among suggested regions. 
According to Ren et al. (2015), faster R-CNN: To further improve speed and accuracy, this model incorporates region 
proposal networks (RPNs) to directly create proposals.


3. Models for Real-Time Detection A number of models have been created to handle the requirement for real- 
time processing: According to Redmon	 , the	 method greatly 
increases processing speed while preserving a respectable level of accuracy by treating


Multi-scale predictions further improved performance with


: This model applies convolutional features at many 
scales to create a compromise between speed and accuracy, enabling detection at different resolutions.
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deep learning is in

Theoretical Framework for

	 


1. Recognistion Challange


object detection entails real-time identification and localization of objects to 
facilitate safe and effective navigation. This procedure depends on a confluence of sensor integration, machine 
learning, and computer vision. The theoretical framework consists of several parts, such as post-processing, 
classification, and feature extraction.


2. Important Ideas in Object Detection


2.1.Extracting Features


To find pertinent patterns in photos,	 While	 used recen t 
systems to automatically build hierarchical representations, traditional methods depended on handmade 
features. Convolutional Neural Networks (CNNs), which extract spatial characteristics by employing layers of 
convolutional filters, are especially efficient.


2. Key Concepts in Object Detection


2.1.Feature Extraction


Feature extraction is critical for identifying relevant patterns within images. Traditional methods relied on 
handcrafted features, while modern approaches utilize	 hierarchical 

using layers of

convolutional filters to extract spatial features


2.2.Categorization


Classification comes next after features are extracted. This entails classifying the things that have been spotted 
into predetermined groups. CNNs' softmax classifiers, which produce probabilities for every class, are 
examples of common algorithms. Labeled datasets are used to train the model, and learning is guided by the 
appropriate class labels.


2.3.Positioning


The technique of pinpointing an object's exact location inside an image has the term localization. Usually, 
bounding boxes that enclose the identified items are used to accomplish this. By suggesting prospective regions 
for additional classification, methods like as Region Proposal Networks (RPNs) increase the process's 
efficiency.


3. Deep Learning Frameworks 

CNN Structures


To detect objects, several deep learning architectures are used:




Faster R-CNN combined Single Shot MultiBox Detector (SSD)

Robust algorithms that can adapt to changes are essential.
domain adaptation
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High-speed processing is made possible by the single-stage detector known as YOLO (You Only Look Once), 
which uses whole images to forecast bounding boxes and class probabilities.


Rapid R-CNN: A two-stage detector that offers excellent accuracy at the expense of speed by using RPNs to 
suggest regions of interest and then a CNN for classification and localization.


YOLO and	 are	 in the	 , which applies CNNs at 
several scales to detect items of varying sizes in a single pass.


Methods of Sensor Fusion


Integrating Data


Combining information from several sources to improve item detection precision is known as sensor fusion. 
The following are the main sensors for autonomous cars:


• Camera: Rich visual information is provided by cameras, which are essential for object recognition.


• Lidar: Provides accurate distance readings, assisting with 3D object localization and eliminating 
uncertainties under difficult circumstances.


• Radar: In order to supplement the information from cameras and LIDAR, radar is useful for detecting 
objects in low visibility situations, including rain or fog.


Fusion Methods


A variety of fusion methods, including Bayesian networks and Kalman filters, combine sensor data to create a 
cohesive representation of the surroundings, increasing the overall dependability of detection.


Difficulties with Real-Time Object Recognition 

Efficiency in Computation


Algorithms must work under tight time limitations in order to process data in real time. Achieving the required 
speed requires strategies like hardware acceleration (using GPUs or specialized CPUs), model pruning, and 
quantization’s


Environmental Variability

Autonomous vehicles must operate in diverse conditions, including varying lighting, weather, and 
occlusions.	 these	 Research focuses on


techniques and data augmentation to improve model generalization.


Safety and Explain ability

Understanding how models make decisions is crucial for ensuring safety in autonomous systems. 
Research into explainable AI aims to provide insights into the model’s reasoning, fostering trust and 
facilitating regulatory compliance.


6. Evaluation Metrics


To assess the performance of object detection systems, several metrics are used:


• Precision and Recall: Measure the accuracy of detected objects versus the actual ground 
truth.


• Mean Average Precision (MAP): Provides a comprehensive evaluation by averaging 
precision across multiple classes.


• Frames Per Second (FPS): Indicates the processing speed of the detection system, essential 
for real-time applications




Microsoft Common Object in Context) and ILSVRC Large Scales Visual
Recognition Challenge)

4.METHDOLOGIES


4.1.Data Collection


Datasets for Object Detection

The data set has an important role to embark upon any explicit detection issue. It is used as a benchmark to 
compare any types of detection. The detection might be related with pattern matching, traffic analysis, 
detection of errors in already recoded data, diseases detection etc. The some popular datasets for detection of 
objects are MSCOCO (	 (Image Net


. Further one of the most popular data set is KITTI, which is used for traffic 
recognization. Another popular data is NuScenes it is complexed dataset which is related with urban driving 
having 1000 sences in 20 seconds. It consist of 23 object classes and images has been taken with the help 1.4 
million camera.

On aforementioned dataset analysis has been done using resizing and augmentation to develop robust models. . 
Further existing dataset has been flipped, rotted, color adjusted etc to obtain more comprehensive results.


4.2.Model Development


Object Detection Models are generally used two stages detector methods.It detects object in two stagesi.e 
called region proposal stageswith classification and localization stage.Both these stages helpful to enhance 
higher localization with better accuracy.Also one stage detectors must get better output but it is only applicable 
for real time detection of images.Initially I will discuss two stage detector and after that on stage detector.

One-stage Detector

It is most popular for object detection on real time object due to its high speed detection capacity.It (YOLO) 
has its several version in with version 4 is most popular and having high demand.It divides the image into grid 
using predict boxes and score of the class for every cell. Further we can say SSD IS APPLICABLE FOR defing 
class core for different score at different scales for different locations.The system description has been given 
below.


YOLO(YouOnlyLookOnce)





Figure4.1a:PipelineofYOLO’salgorithm




relative to the cell, while (Width, Height) the width and the height of the bounding
box relative to the whole image. Because of this, a box can be bigger than the it was
predicted. The cell is only used as the anchor point for the prediction.

The YOLO algorithm uses a loss function in order to the output
and their on the final loss by using special

2. second term: bad bounding box width and height values.The square is present so
that errors in small bounding boxes are more penalizing than errors in big bounding boxes.

	 


1 





Figure 4.2b:OutputtensorofYOLO                     Figure4.3c:SxSgridandfinaldetections


Model Architecture





LossFunction

Figure4.3d:YOLO’smodelarchitecture


tradition	 manage	 diverse


domain	 sway	 hyper parameters.

1. firstterm:penalizesbadlocationsforthecentercoordinatesifthecellcontainsanobject.


 thirdterm:penalizessmallconfidencescoresforcellscontaininganobject.


bounding



3.
4. fourthterm:penalizesbigconfidencescoresforcellscontainingnoobject.

5. fifthterm:simplesquaredclassificationloss.





Figure4.4e:YOLO’scustomlossfunctionforeverygridcell


4.3.Training YOLO on BDD 100K


We developed a YOLO-based object detection model entirely from scratch, using the BDD100K 
dataset as our sole data source. Given the high object density in many images, we modified 
YOLO’s grid size from 7×7 to 14×14. This change helps to prevent multiple object centers from 
falling into the same grid cell. As a result of this finer grid, the number of output parameters 
increased from 1,127 to 4,508, and the last five layers of the network were adjusted 
accordingly.To maintain a 14×14 output resolution, we altered the stride of the 23rd convolutional 
layer from 2 to 1. We also introduced batch normalization after every layer to accelerate training 
and improve stability. The loss function hyperparameters remained consistent with those used in




×14 grid.The input image has
dimension(3,448,448)and the algorithm

region proposal network(RPN) AND OLDER VERSION

Training was performed for 100 epochs with a batch size of

OF

and learning rate of

the original YOLO paper, specifically coord=5 and noobj=0.5.


10

final model predicts two bounding boxes per grid cell across the 14


produce sate of size (14, 14, 23) as output.





Figure4.6f:YOLOwithsplitsize14ontheBDD100Kdataset


Faster R-CNN:

Its architecture consist of three parts i.e network backbone,


R-CNN.These all are helpful to divide exixting network into pixels form of 640*640 pixelxs.Same has been 
represented through given figure 4.7G faster-CNN Model architecture





Figure4.7g:FasterR-CNN model architecture


FastR-CNN:


It is very useful for divide existing imagoes into the grid and further divide it into pixels into a 
limited size with different colors. The numbers of colour and pixels are very udeful of 
classification of the images into for


Thatcorrespondstoitandscalesittosomepredefinedsize, inourcase7x7.Thescalingisdone by 



Dividing the region into equal sized sections, where the of sections is
the same as the dimension of the output

separate output layers which predict

the score for every class and the corrected bounding boxes for every region proposal

use smooth

L1 Loss and backpropagate the losses together by factors which determine much the bounding

box and the classification loss should affect the entire loss.
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Figure4.8i:SchematicrepresentationofROIpooling
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YOLO was trained for 81 Epochs with a decreasing learning rate of 1e-5 and
10.

measured the FPS and mAP for the evaluation and comparison of YOLO and faster R-CNN on a NVIDIA

V100 SXM2 32GB

R-CNN (right)

MAP FPS

YOLO 18,6 212

CNN 41,8 17,1

45,7 N/A

the  YOLO  and  the

5.

R-CNN

 Results Finding / Outcomes


ExperimentalResults


Training


CNNwastrainedfor60epochswithadecreasinglearningrateof1e-4andbatch size 
16.ThenormalizedtotallossandthemAPofthetrainingprogressisshowninfigure 2.1


Results


batch size  FasterR-


TheimplementationofthemodelsandtheprocesseddataarefoundinthisGitHubrepository. 
Furthermore,weprovidevideosofreal-timeobjectdetectionwithourmodels: FasterR-CNNand YOLO.


We

(5.1a).





Faster 


able5.21:ComparisonbetweenYOLO,FasterR-CNNandHybridincrementalnetinMAP





ure5.2b1 :ResultsonBDD100K:FasterR-CNN(left)andYOLO(right).Moreresultsfrom  Faster


https://github.com/alen-smajic/Real-time-Object-Detection-for-Autonomous-Driving-using-Deep-Learning
https://www.youtube.com/watch?v=3FvUOaxWnmg&t=26s&ab_channel=AlenSmaji%25C4%2587
https://www.youtube.com/watch?v=ANQczqZwaY4&t=13s&ab_channel=AlenSmaji%25C4%2587


6. Limitations


Dataset Constraints


Limited Diversity: The variety of the training datasets has a significant impact on how well object detection models 
perform. The model might not translate well to real-world situations if the dataset does not include fluctuations in lighting, 
weather, or item appearances.


Labeling Problems: Training models that incorrectly identify objects or ignore significant features may result from 
inaccurate labeling data.


Environmental Difficulties


Adverse Conditions: Although the models might function well under perfect circumstances, they may not be as 
successful in difficult settings like intense rain, fog, or dim lighting. These circumstances may result in a rise in false 
positives or negatives and a decrease in detection accuracy.


Dynamic Scenes: Real-world settings are quite dynamic, with items moving quickly and abrupt scene changes that can 
make real-time detection difficult.


Computation Limitations


Hardware Restrictions: For model training and testing, the study may depend on particular hardware configurations. 
Particularly in real-time applications with constrained processing resources, performance might range greatly across 
various devices.


Scalability: The suggested solutions might only be applicable to specific kinds of autonomous systems since they might 
not scale well across different vehicle platforms or processing units.


Algorithmic Limitations


Model Complexity: More complex models may provide higher accuracy but can also require longer processing times, 
which may not be suitable for real-time applications. Balancing speed and accuracy remains a challenge.


Hyper parameter Sensitivity: The selection of hyper parameters may have an impact on deep learning 
models. Inadequate tuning may result in less-than-ideal performance, which could affect the object detection 
system's overall dependability.




In our project we implemented and trained a one-stage detector YOLO and a two-stage detector
R-CNN	 on	 the	 BDD100K	 dataset	 in	 the	 context	 of	 autonomous	 driving.As	 expected,

in the development of

of  its  simple

autonomous cars, the of deep learning in computer vision.

unsupervised and semi-supervised learning models

sensor fusion
techniques combine data from various sensors (cameras, LIDAR, radar)

object identification algorithms,

deep learning models that are

including YOLO, SSD, and Faster R-CNN,

more accurate while

Unsupervised and Semi-Supervised Learning approaches: By

7.
Future Scope of the Study


1. Improved Model Efficiency: Upcoming studies can concentrate on creating

using less processing power. Methods like knowledge distillation, quantization, and model 

pruning can be investigated further.


2. Better Generalization: It's critical to look for ways to make object detection models more broadly 
applicable in a range of settings. Creating algorithms that can adjust to various lighting situations, weather 
patterns, and item appearances is part of this.


3. Real-Time Multi-Modal Sensor Fusion: There is significant potential in advancing

that	 more effectively. This can make


object detecting systems more resilient, especially under difficult circumstances.


4. Explainable AI in Object Detection: As autonomous systems proliferate, it is critical to comprehend model 
choices. Applications such as autonomous driving can benefit from increased consumer trust and regulatory 
compliance through research into explainable AI techniques.


5. Integration of V2X Communication: Examining how Vehicle-to-Everything (V2X) communication can be 
integrated can help autonomous cars become more situationally aware. By sharing information with other cars 
and infrastructure, they can increase efficiency and safety.


6. Development of	 addressing the

difficulties in acquiring labeled datasets,	 approaches enable 
to efficiently learn from unannotated data.


7. RobustnessagainstAdverbial Attacks:In order to ensure dependability in practical applications where 
security is crucial, future research can concentrate on strengthening object detection systems' resilience against 
adversarial assaults.


8. CONCLUSION


In summary, this study examined the vital role that real-time object detection plays 
highlighting	 revolutionary influence	 methods


Accurately and quickly detecting items in a vehicle's environment is crucial for maintaining economy and 
safety as the automobile industry shifts to greater automation.


We have emphasized the advantages and disadvantages of well-known

by conducting a thorough assessment of the body of existing 

literature. Although these models show differing degrees of success in striking a balance between speed and 
accuracy, problems still exist, especially under dynamic and unfavorable environmental settings.


Our results also highlight the necessity for robust models that can adjust to the intricacies of the actual world 
and the critical value of diverse and well-labeled datasets. Additionally, although deep learning advances have 
improved detection capabilities, real-time processing, algorithmic sensitivity, and computational resource 
restrictions remain challenges.


This study emphasizes the need for continued investigation and creativity in the area. Enhancing model 
robustness, incorporating multi-modal sensor input, and addressing the moral ramifications of implementing 
autonomous systems should be the main objectives of future research. We can get closer to developing safer 
and more dependable autonomous cars that improve mobility and revolutionize transportation by tackling these 
issues.


Faster


theresultsoftheevaluationshowedthatFasterR-CNNhasahigheraccuracybut 
lowerFPS.IncomparisonYOLOhasamuchhigherFPS,butalsomuchloweraccuracybecause




architecture.Future	 work	 includes	 further	 experiments	 with
models,	 for

work in
the long term would be reaching performances with high accuracy and high FPS which are suitable for
the goal of autonomous driving.

1
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1 examplethenewerversionsofYOLO,sinceweusedthefirstversionofYOLOinthisproject.  Future
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