Australian Journal of Machine Learning Research & Applications
By Sydney Academics 151

Deep Learning Techniques for Real-time Object Detection in

Autonomous Vehicles

By Dr. Imene Dahmane

Professor of Industrial Engineering, University of Los Andes, Colombia

1. Introduction

Deep Learning methods have been widely applied to traffic scene for separating different
types of object. This technology is also quite interesting not only utilizing in the simultaneous
detections of multiple objects in aerial images, but also in the real-time detections of objects in
car driving scenes [1]. However, deep neural network object detection methods still have high
demands on training data and general powerful machines which can handle the matrix
operations efficiently. Therefore, implementing these method on the low resources machines
for real-time operation is still really time-consuming and having lower detection rates. The
paper aims to make deep neural network based object detection for the real-time purpose by
making the use of Single Shot Multi-box Method (SSD) for simultaneoulsy detecting the

objects in vehicle driving scenes.

Deep Learning (DL) models require substantial training data and rely on powerful machines
for matrix operations [2]. Using these models for real-time applications on portable machines
raises challenges in terms of complexity and low inference time, all the while maintaining a
high detection rate. Object detection in computer vision is crucial for identifying and
localizing objects, necessary for making decisions and understanding a scene. Moreover, for
applications like Autonomous Vehicles and Robotic Systems, high speed and accuracy are
paramount. An autonomous vehicle, for instance, should be able to detect all the different
types of objects in real-time for autonomous operation [3]. High visibility and prior research
in literature have boosted the success of Convolutional Neural Networks (CNN) based deep
learning techniques for object detection, due to the end-to-end learning procedure in object
detection and having achieved state-of-the-art performance. These algorithms generally
scored high accuracy needed for Autonomous Vehicles, but the main differences were in
terms of inference time. For real-time operation, we will need an algorithm like YOLO/blob

that points out important parts of an image and returns bound box coordinates. These parts
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are detected by looking at all the regions in an image combined based on the presence of the

bounding box and a probability estimate of the bounding box co-ordinates.

1.1. Background and Motivation

Vehicles in AV have been provided artificially intelligence (Al) to secure from unnecessary
impacts from the environmental objects. Object detection in the field of the computer vision
investigates to mitigate the impact by objects through the vehicle with a speed of the required
time seconds as explained in the Figure 4. Many works in the field of the deep learning has
been conducted for object detections but still real time and the vehicle detection has need to
work a lot. For real time required seconds less than 50 milliseconds. Therefore, here we are

detecting these objects as well if available in the particular frame with realistic time. [2]

Many types of research have been conducted across the globe for real-time object detection of
objects in an autonomous vehicle. Multiple models and systems have been proposed for this
purpose, such as vehicle detection models [4]. However, still require a lot of improvement in
accuracy and real-time detection. Countless works for the object detection are available in the
literature and almost all proposed have some unique ideas or features for the detection.
Therefore, on the state-of -the-art, we are expected to propose an idea related to the existing
technologies. Here we are giving a small idea related to the work however detect the object
and objects of interest if available with respect to the real-time applications such as

autonomous vehicles (AV) etc.

1.2. Scope and Objectives

Faster R-CNN only uses 2D information, so while being better than the original, there is still
a degree of compromise. The model also uses traditional convolutional layer in the
construction. This lack of regularization results in no emphasis on the spatial and hierarchical
characteristics of image features and independent feature learning , making the foreground
information deviated from the dataset distribution and spatial scaling changes, causing
problems. The deeper network model has also increased number of parameters and memory
footprint, resulting in increased calculation costs. YOLOvV3 is another popular object
recognition algorithm for pedestrian detection in driving scenarios. The main problem of a
large computation cost is the network model’s ability to adapt to or generate data. For

instance, the network cannot learn the global economies of scales data distribution and may
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miss useful information. The accuracy and parallelization efficiency should be further

improved [5].

SegNet combined Bayesian method is superior to traditional methods in segmentation
accuracy, reduces grid space algorithm-induced noise, and can better approximate the content
of continuous data conversion. It is limited by information noise due to its own structure and
does not reflect the spatial distribution and edge effect of image targets. There is still room for
improvement in terms of accuracy and efficiency. The goalkeeper network can extract
background information from the entire transportation video, and better make continuous
data distribution representations. Point calculation in the network independently processes

targets. Segmentation accuracy is slightly higher than traditional deep learning methods [6].

2. Fundamentals of Deep Learning

Deep learning-based object detection algorithms, R-CNN, Fast R-CNN, Faster R-CNN, and
YOLO, are based on the combination of certain regions of interest (Rols) and extracted features
using the CNN method. Specifically, the extractive report-CNN (R-CNN) method extracts
approximately two thousand Rols, which are the regions around the potential object in the
validation image. Since 2016, YOLO has been widely used in computer vision-based object
tracking and detection. Unlike the R-CNN family that uses two different systems for region
proposal and classification, YOLO processes all tasks including region proposal and object

detection in a single run.

Object detection is the process of identifying and classifying objects within an image [2]. A
deep learning method called Convolutional Neural Networks (CNN) are widely used in
various application domains because of their high performance [4]. Deep learning offers high
detection accuracy and classification with high adaptation properties [7]. In this context,
tracking locations, vehicle and pedestrian detection, and lane detection using a single-layer
perceptron (SLP) approaches are popular. For example, R-CNN (Region-Based Convolutional
Neural Networks), Fast R-CNN, and Faster R-CNN algorithms are successful in object

detection studies.

2.1. Neural Networks

Deep Learning is a vast field and it becomes much more successful methodology for different

domains of applications especially in 3D Object Detection tasks such as autonomous driving
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tasks. With the new directions of the researcher’s interest related mainly to the depth learning
paradigm and there is still so much more to have achieved with the data increasing day by
day. It can be devoted room to different kinds of object recognition problems, ranging areas,
feature learning patterns and so on, which is expected to give a clue on the solutions of the
metamorphic challenge of 3D object detection for autonomous vehicles. Deep learning
algorithms are faster and more effective compared to other approaches. Still there is a
competition about self-driving vehicle tasks in deep learning field. Improving the vehicle
detection and classification tasks in real time is needed. An empirical evaluation of the deep
networks with the new datasets and metrics will motivate researchers in the near future with

all these industrial and academic benefits.

The input of CNN methods is the raw pixel image itself while its output is an observation of
the targets' bounding box, their categories, their confidence score and further optimising and
classifying the bounding box itself [7]. Another important point about the CNN architectures
is the backbone structure of the system. It is the crucial point for deep learning vehicle
detection algorithms. There are various auto-encoder models proposed as backbone
structures that maintain the learning process with much less time and more accuracy. It is
observed from numerous studies that one stage approaches are robust for vehicle detection
tasks: architectures like YOLO and SSD. YOLO algorithm creates the bounding detection
boxes from the image itself and divides the image into different sections and makes

predictions.

Two main approaches for vehicle detection are machine learning-based and deep learning-
based algorithms. The deep learning method advances Machine Learning tasks with multi-
stage and diverse layer learning patterns including feature extraction, non-linear
transformation and classification. Many works in autonomous car vehicle detection tasks rely
on deep learning algorithm based on Convolutional Neural Networks (CNN) such as [8].
Deep learning implementations simplify the modelling of the problem and promising good
results. It is the process of understanding, processing and classifying an object in the visual
perception world. CNN architecture acts as a widely used in various vehicle detection

experiments.
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2.2. Convolutional Neural Networks (CNNs)

CNNs consist of different layers including the input layer, convolution layer, ReLU layer,
pooling layer, fully connected and output layer. CNNs are mainly used in image related tasks
because of high efficiency in extracting featurised the objects present in the given image.
CNN s are extremely useful in object detection as well as for object classification. CNNs starts
with processing the image data to computationally extract a series of convolutional layers
(extract local features), ReLU activation layers, pooling layers (downsampling representation
feature), and fully connected layers. These series of layers in CNNs extract different kinds of

features at each layer, which are useful for object classification and detection [2].

Deep learning (DL) techniques play a crucial role in autonomous vehicles (AVs). They mostly
serve high levels of perception such as object detection, localization, and classification in
autonomous vehicles [9]. There are different types of deep learning architectures used in the
deep learning methodologies for object detection and classification within AVs. Convolution
Neural Networks (CNNs) are a popular type and is largely used in designing deep learning
methodologies and CNNs have outperformed other deep learning architectures for various
computer vision related tasks such as object detection, etc. CNNs have gained huge popularity
in recent times due to high accuracy it provides in feature representation and object detection

and it has powered many of all the currently available object detection systems [10].

2.3. Recurrent Neural Networks (RNNJs)

While the subject of object detection is especially important in autonomous driving, there are
also some alternative ways of representing objects according to the scope of the application.
Recurrent neural networks (RNNs) are the best choice if the scene around the vehicle is
ingested in a sequential manner by the sensors. RNNs have the capability of extracting a rich
and meaningful feature representation from such sequential data and are widely used for the
perception aspect of autonomous driving (e.g. bounding box regression, 3D skeleton keypoint
estimation). It is also possible to combine RNNs with CNNs to build model architectures such
as Faster R-CNN or YOLO which embed spatial and temporal information and aim to predict

bounding boxes and therefore the classes of objects of interest.

Deep learning techniques have significantly influenced the area of perception in the field of
autonomous driving [8]. Especially, convolutional neural networks (CNNs) have become the

most popular deep learning models for object detection as well as object tracking tasks [11].
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These techniques significantly reduce the demand for feature engineering and manual feature
extraction, which were the practice in more conventional computer vision algorithms. Despite
the overall success of deep learning in vision-based perception, its efficient use on embedded
systems such as automotive grade electronics has proven challenging in terms of computation

complexity and data flow.

2.4. Deep Learning Architectures

The proposed vehicle object 3D coordinates determination in world coordinates system was
achieved through a simple conversion operation. This study resulted in exceptional precision
for the vehicle object vehicle (compared with other samples), in terms of both location and
localisation revisions. The proposed system obtained results for training datasets, validation
datasets, and test datasets of 97%, 96%, and 95% accuracy, respectively, at 57 ms of computing
time [12]. The network also surpassed the related network versions, such as YOLOv3 or
YOLOv3Spp, as well as the original YOLO process used in the network verification stage.
Additionally, the method was presented as a proven 3D object detection concept for

autonomous vehicle perception in several cases [11].

Detection efficiency and the accuracy of localisation are two of the most important aspects of
the success of an object detection system. The type of LSTM used (training, updates, context)
has been effective for predicating a biased value of 0.9 YOLOv4 caused that in each head layer,
the sinusoidal function without fluctuation (biases) assigned to each detection item
independently. However, the detection output-analysis showed the lack of fluctuations was
due to randomness. In order to optimise this network for vehicle detection, the vehicle-centric
anchor sizes have been utilised. Consequently, the network parameters were reduced, while
maintaining the precision, and vehicle detection was improved using object detection input

dataset.

3. Object Detection in Computer Vision

The obtained essential data is then used to make decisions and then process it further
accordingly to control the steering system, acceleration, and the braking system. The object
detection system generally implements various stages. The first stage, known as pre-
processing stage, involves the positioning of the objects from the pitctures obtained in the
form of pixels or grid cells. This process is approximately performed, and thus the system

may lose the original details of the objects. The second stage, that is, the contextual stage

Australian Journal of Machine Learning Research & Applications
Volume 3 Issue 2
Semi Annual Edition | Jul - Dec, 2023
This work is licensed under CC BY-NC-SA 4.0.



https://sydneyacademics.com/
https://sydneyacademics.com/index.php/ajmlra

Australian Journal of Machine Learning Research & Applications
By Sydney Academics 157

utilizes that alternate and slightly larger but an exact copy of the output pixels from the first
stage to find the exact shape and structure of the objects enclosed within them. Several
architectures may be utilized in this phase for obtaining exact and accurate detections of the

objects [13].

Approximate object detection in the field of computer vision has drawn significant attention
due to extensive applications in robotics, autonomous driving, surveillance, and object
recognition. Despite the numerous frameworks, speed and accuracy are two of the most
prominent features of object detection techniques. Speed is one of the important concerns for
real-time object detection in the automobiles, especially for the self-driving technology. The
time required in object detection tasks must be significantly low while providing a decent
detection accuracy. The main objective of the object detection process in an autonomous

vehicle is in detecting the various obstacles and road signs on the road [9].

3.1. Traditional Methods

Alightweight deep learning model for real-time vehicle detection in an environment crowded
with vehicles and pedestrians needs to be proposed to deploy object detection in real-world
applications particularly for autonomous driving scenarios. For vehicles detection in high
resolution aerial images, very deep networks are based on high resolution images for
detecting objects in a large range of scales.,which could take susceptible attention away by the
power of powerful networks and the ratio of useful parameters remained relatively small in
light of the relatively small number of objects. Also, processing an aerial image with very deep
CNN s is expensive[A feature fusion deep-projection convolution neural network for vehicle
detection in aerial images]. Camp- stromet al. trained a crossplain detection model with a very
deep network for large-scale object detection and shared the same network in the whole image
to detect objects in one image with various scales even if from different perspective. As a
typical one-stage objection detection algorithm, Yolo. V3 adopts the feature representation for
object detection, which is produced and supervised by the improvement of the last two layers
without extra layer involving multi-scale feature fusion), and it demonstrates a good

performance in the real-time detection of dual computer camera hardware.

Traditional algorithms for object detection using features such as edge detection, color and
texture play a crucial role as an initial approach of solving problems[A feature fusion deep-

projection convolution neural network for vehicle detection in aerial images]. These
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algorithms are often multi-step and use hand-crafted features, followed by classifier for final
detection, which may be slow and costly. Recently, the employment of CNN makes the
representation more learnable and can therefore perform better in detecting objects through
end-to-end training. In this survey, we compare methods from both the traditional and
learning-based families under the scenarios of surround-view RGB image and lidar-coupled
RGB image covering the front field of vehicles[Surround-View Vision-based 3D Detection for
Autonomous Driving: A Survey]. And their compact representation with body-centered
camera projecting the image pixel to a new plane already smoothes the varied depth, and the
object in this representation nearly keeps the real scale, the methods are thus trained and
evaluated employing the only constant square size bounding box for traffic scene objects from
these images, with lighting-uncovered result observation as realised in Fig. 4. The overview

of the methods in this pattern is summarised in Figure 4 and the Zip file — Wang20109.

3.2. Challenges and Limitations

Generally, rigid feature extracts and complex classifiers have to be used to handle multiple
categories and backgrounds. However, information to distinguish some categories should be
weak and complex feature representation, generated from entire image, will make it difficult
to predict accurate poses from coarser layers and noises caused by irrelevant information from
larger layers in end-to-end networks, especially for small objects. Although Some object
detectors and backbones support very large resolution inputs, it is approximated to be quite
poor balance among detection accuracy, network efficiency and computation overhead [14].
The illumination and weather conditions should be robust based on outdoor scenes, roads
and public safety landscape. Furthermore, the deep network needs to well distribute
computation resources for various objects likes cars and pedestrians on road as well as signals
and signs by roadsides. There is a trade-off between the accuracy and speed regarding the
detection algorithms mainly due to limited computational power in the real-time and low

power autonomous vehicles.

Object detection is the process of localizing and classifying objects in real-world images or
videos. Early methods are based on hand-crafted features and classifiers and have succeeded
in many tasks. Recently Deep Learning (DL) object detection techniques, which learn features
and classifiers from large scale data, have achieved promising results in many vision tasks,
and achieved remarkable accuracy in benchmarks like PASCAL VOC and MS COCO. Sliding

window-based methods and R-CNN based methods are classical DL object detection
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paradigms. Sliding window based methods could not run in real-time due to exhaustive
search and heavy network inference. They need to take more than 3600ms to test one image
in our experiment. By contrast, modern object detection techniques with the Single Shot
MultiBox Detector (SSD), YOLO (You Only Look Once) and their variants have performed
well in motivating accuracy and detection efficiency [15]. They jointly predict classes and

locations with only using one deep network in one forward pass.

4. Deep Learning-based Object Detection

[16]Research on autonomous vehicles is an important component of the intelligent
transportation system (ITS). The advanced exploration and application of deep learning
techniques provide a new strategy to detect objects in autonomous driving scenarios, and
many methods and datasets have been proposed. Understanding the effects of deep learning
methods in the context of different applications is important for object detection in ITS. In this
paper, object detection in satellite optical and radar satellite imaging (ROSI) was completed
under different cameras, times, brightness, and weather conditions. The long short-term
memory network transformer (LSTM-Transformer) joint processing model was then used to
realize the fusion of optical and radar characteristic information and improve the fusion object
detection.[12] The establishment of a large-scale roadside facility detection model is a practical
technology to achieve the detection of traffic facilities such as road gullies, road fences, and
electric power facilities. These are essential to urban environment perception. In this study, a
system was designed to collect and label these roadside facility objects with a vehicle-
mounted camera in Changsha, the capital of Hunan province. With a large-scale training
model, it is comparatively effective to replace the traditional detection of roadside facilities
and to complete the perception of urban environment scenarios. To achieve this target, this
study focuses on training a large number of roadside facility detection data. High quality
object detection maps are crucial for constructing a model. Randomized, labeled data were
collected by the Mapillary dataset, and the YOLOv4 detection method was used. Ten roadside
facility classes (road fence, vehicles, road gully, light, person, bicycle, electric vehicle,

motorcycle, bus, truck) were chosen to train the models.

4.1. Single Shot Detectors (SSDs)
Attention and Feature Fusion Single Shot Detector (AF-SSD): The AF-SSD system uses a multi

scale receptive field (MRF) module which increases the field of vision of each receptive field
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of the detector so that it can also capture smaller object features. Then, the network replenishes
the feature solarised by the deconvolution single shot detector (DSSD) neural network.
Compared with other object recognition methods, it shows that the pre-attention (SE) and
MREF (Attention Feature Fusion SSD) modules have better performance in real-time or object
detector tasks. Differences in average precision (AP) and mean average precision (mAP) are

the means of measure performance in type recognition and object detection tasks.

Deconvolutional Single Shot Detector (DSSD): It comes with some extra prediction and
deconvolution modules that use input features to genrate higher resolution feature maps to
best predict object at different scales in the DSSD framework. Thusly, DSSD outperforms
multi-grid Faster R-CNN in terms of multi scale detection. Specifically, the DSSD framework
uses deconvlution layers to generate high resolution feature maps from the optimized output

of the feedforward prediction modules.

Single Shot Detectors (SSDs) [17]: The SSD model adopts a single neural network backbone to
directly predict an amount of bounding boxes and class confidences from feature maps at
multiple scales without sliding window. Compared with the Vehlitz with four stages of
detectors, the direct regression method is more efficient. The experimental results illustrate
that single shot multibox detector (SSD) exhibits better small object detection compared to the
Faster R-CNN.

4.2. You Only Look Once (YOLO)

[18] Object detection is the primary task for autonomous vehicles, which includes the
detection and classification of various objects on the road, such as vehicles, pedestrians, traffic
signs, and more. Traditional methods like SVM and HOG are based on hand-crafting features,
and their detection process is significantly affected by illumination variation and occlusion.
The architectures need to be improved constantly with new evaluations for solving these
problems. YOLO (You Only Look Once) is well-optimized to perform real-time object
detection. This method uses a single convolutional network to predict the position and class
of the objects directly, which makes it faster and more accurate. YOLO divides the input image
into an S x S grid. In each grid cell, the architecture predicts B bounding boxes and one
confidence score for each bounding box. The confidence score reflects the probability of the
bounding box element containing an object or the prediction error of the bounding box in each

grid cell.[19] YOLO (You Only Look Once) is a deep learning architecture used for real-time
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object detection in autonomous vehicles and other applications. It predicts object bounding
boxes and class probabilities from image pixels in a single forward pass and is used across a
wide range of domains. YOLO models are very fast and can be used in real-time applications
with optimized inference engines. The main limitation of YOLO is that it does not perform as
well as some other two-stage object detection models on smaller objects. Some tricks, such as
the use of anchor boxes and feature pyramid networks, are required to make YOLO work for
a global range of object sizes. YOLO is a well-established but generic object detection model
that has seen a large amount of research into modifications and performance improvements
since its inception. These range from the employment of recurrent models for video

information processing to pipelines specifically designed for object tracking.

4.3. Region-based CNNs (R-CNNps)

Nevertheless, R-CNN quickly attracted attention, and many papers built on this concept.
Among others, it is worth mentioning the Fast R-CNN approach. Fast R-CNN performs region
proposal and object detection in a single forward pass using the convolutional features of the

input image [20].

2. Since class-specific detectors were independently trained, R-CNN may be suboptimal.
1. It is slow.

However this R-CNN has two principal limits:

This is the third module of this article. In this module, we will go through the details of the R-
CNN approach. In this module, we will go through the details of the R-CNN approach. The

code for constructing such systems is available from the link you [21].

5. Real-time Object Detection

In this survey, we present a comprehensive overview and classification of numerous deep
learning techniques concerning their performances in regard to accuracy, computational
complexity, training time, and model size in the field of real-time object detection for
autonomous vehicles. A compilation of evaluation criteria is included to assess different
techniques on a variety of these important factors. Different types of data like images and
video are also discussed. Different object detection tasks like 2D and 3D detection are handled

in this survey as well, since they are crucial for the real-time object detection in autonomous

Australian Journal of Machine Learning Research & Applications
Volume 3 Issue 2
Semi Annual Edition | Jul - Dec, 2023
This work is licensed under CC BY-NC-SA 4.0.



https://sydneyacademics.com/
https://sydneyacademics.com/index.php/ajmlra

Australian Journal of Machine Learning Research & Applications
By Sydney Academics 162

driving and typically rely either on 2D sensors like HD-cameras or a 3D sensor like LiDAR,
respectively [9]. Object detection has achieved significant success through the robust
development of deep learning methodology in latet years. From sliding windows to R-CNNSs,
Fast R-CNNs, Faster R-CNNs, Single Shot Multibox Detectors (SSD), YOLOv1 to YOLOv4,
and other advanced deep learning methods, there have been continuous innovations and
improvements in performance. Among them, the YOLO series of detectors, which can handle
detection tasks in real time, have received increasing attention and become widely utilized in
commercial products like UAVs, robots, and AVs. Their end-to-end design enables

advantages like relatively fast speed and high accuracy [11].

Object detection means detecting, localizing and classifying one or multiple objects from
different classes in a scene. Several important criteria affect the choice of the object detection
algorithm: accuracy, computational complexity, and, most importantly, the size of the
datasets. Object detection algorithms are an essential part of visual perception for autonomous
vehicles to ensure their safe and stable operation. In autonomous driving, not only must all
static and dynamic road users be detected, but special attention is given to vulnerable road

users, like pedestrians and bicyclists, as their safety is particularly at risk .

5.1. Hardware Acceleration Techniques

Injury, the GPUs/ASICs and their off-chip memories bring the highest computational and
power consumption overhead in any autonomous driving hardware deployment. While the
deep learning tuning and pruning can be used to compress the data storage requirements by
6-8x, transpositions operations of large data sets lead to high power dissipation on on-chip
memories. Thus, FPGA-based hardware acceleration platforms have been proposed as a good
alternative for 1-stage activity due to their low cost, re-configurability, and real-time
deployability benefits, which easily look enable re-padding at the end of each architecture 1
sub-stage even with non-power-of-2 batch sizes. The Neural Process Units (NPUs) design also
uses the data space transformation performed so in the initial sub-stage of this hardware, as
thanks to this optimisation, the batch size can be equal to 24, 32, or 64 while maintaining a
constant arithmetic precision and power dissipation. Nonetheless, it has been recommended
to increase the cross-product memory bandwidth, and even adopt an additional
reconfigurable DSP-based accelerator in front of the NPUs to support the most demanding

batch sizes, anomaly to would enable an even RTAI execution scenario. [9]
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Real-time object detection in autonomous vehicles is crucial for timely decision-making in the
presence of other vehicles, pedestrians, and obstacles. The quest for more accurate and
efficient real-time object detection has led to GPU/ASIC-accelerated algorithms developed
among the two well-known families of 2-stage and 1-stage deep learning detectors [22]. The
two-stage detector - R-CNN (Region-based Convolutional Neural Network) family -
introduces the concept of pre-selective object proposals (2-stage detectors) to restrict the
regions on which the class-specific CNN are run. In another hand, YOLO (You Only Look
Once) family and SSD (Single Shot MultiBox Detector) work directly towards building class-
specific detection heads, which allow their flexible network designs to be able to adapt to the
different number of output heads better and achieve significantly better efficiency for real-
time hardware deployment [23]. In this section, we will introduce the single-stage detector
and tailor various resource-optimized real-time object detection algorithms to cope with
autonomous driving batch inference strategies till the final layer to enable compression of
network weights, feature maps, and higher-level blocks to drastically reduce their
computational complexity in order to allow deployment for embedded systems. While the 1-
stage detector may achieve higher frame rate performance, it can lack in detection accuracy

for small object instances and in crowded scenarios less boistered by pre-selective proposals.

5.2. Optimization Strategies

When focusing on the feature fusion, adaptive feature aggregation (AFA) aims to achieve
good balance between low- and mid-level feature, while multi-branch spatial attention
pooling (MSAP) considers the different contributions from the different sub-regions on the
detection. The widely used deep detection neural network Faster-RCNN, which first extracts
the feature map of the whole image through the whole detection network, and then the area
proportional to the score obtained after the feature map of the full image instead of only the
feature map of the extracted region as the target object feature map, can limit the detection
network do not have excessive false positive examples, thus reducing the detection time. The
hierarchical feature aggregation method further fused the initial feature map again by using
the features of different levels, taking into account the complementary information between
the different level features. Therefore, the hierarchical features can enhance the detection

ability of the model and improve the final detection accuracy.

[16]Needless to mention, these detected boxes should be combined or clustered based on their

spatial and temporal coherence. Strategies like this will not be embedded in the present model
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description and will be addressed in future work. [24]To detect a target type, different types
of classification layer random replacement (CLRR), i.e., completely expendable layer, later
completion of a randomly deleted free hidden node, and fine-tuned classification layer are
used to search for an optimal model configuration and obtain a better object detection model.
[14]In this paper, in order to balance the speed and accuracy of vehicle detection, aiming at
vehicle detection in adverse weather conditions, we focus our study on how to improve the
detection accuracy of vehicle detection models under the premise of ensuring detection speed.
As Adverse Weather Nature Dataset (DAWN) dataset contains vehicle detection task, we
chose DAWN dataset as the test set to test the detection models we trained.In both Japanese
and Western datasets, YOLov5 is the detector with the best results, and the other two methods
give generally similar results. In general, the experimental results on both datasets verify the
good performance of YOLov5 in different weather conditions of adverse weather scenes. The
training and transferability tests we have done also provide a simple and reliable method for

improving the accuracy and speed of different types of object detectors.

6. Applications in Autonomous Vehicles

A comprehensive review of various state-of-the art deep learning techniques which are
employed for object detection purposes in the context of autonomous vehicles is presented in
the previous sections of this paper. Furthermore, the Signal and Noise Transfer Function
(SNTF) inflates the signal demonstration collectively with the object detection model inside
the Frame Resolution Reduction Network (FRRN), exploiting the Hurst exponent of the
transfinites to enlarge the signal component for autonomous vehicles [25]. A large number of
applications based on deep learning used in autonomous vehicle development go post
detection and involve processing results, such as semantic segmentation, tracking, path
prediction, and mapping. However, first and foremost these algorithms are object detection
techniques. The two main types of deep learning architectures for object detection that will be
discussed in this chapter including single shot multi-box detection with Convolutional neural
networks (SSD) and region-based convolutional neural networks (R-CNN). The literature
review conducted connects these primary techniques with autonomous vehicle applications.
The objective of this chapter is to provide scholars and experts working in the field of applied
autonomous vehicles and researchers in adjacent fields such as machine learning and pattern
recognition with a comprehensive overview of the use of deep learning techniques for object

detection in an automotive context [26]. Object detection in road spaces is a complex and
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compelling task in the dominant market of autonomous vehicles. It should provide
centimetre-level accuracy. Furthermore, It should be able to detect the objects at distances
ranging from 1 to 200 meters and considering the speed of vehicles on highway we should be
able to detect and recognize an object 300 m ahead. To solve these requirements and
harshness, currently, the vision-based deep learning method is widely used for the
autonomous vehicle, in-vehicle camera based vision system currently, includes: 1) Landmarks
and Static Obstacles: Modelled into lane marks, bounds of the roads, and finally, all the
dynamic and unmoving obstacles at the various distances from a vehicle. 2) Moving object:
For vehicle and pedestrian detection, tracking is in-vehicle cameras or sent without any kind
of communication. 3) Moving object counting: In many situations we need to count amount
and type of moving object and human ability for individual categories like counting
pedestrians at a zebra crossing or inside school zone where we need to count only the school’s

board visible area then we define fewer or larger depth, without more exploration [27].

6.1. Current State-of-the-Art Systems

Detection of real-time objects is one of the biggest challenges in real-time autonomous
vehicles. In fact, for this purpose, this current systems employs only few kinds of sensors
including, LIDAR and cameras to detect object with mi- nutest details [12]. This paper
presents a detailed review and discussion of the sensor fusion architectures for real-time object
detection in autonomous vehicles with the combination of two main sensors of vision and
millimeter wave radars. The main limitation for vision based sensors is illumination contrast
and limitation for MMW radars is detection of small scale objects like cars, trucks, and
pedestrians. The proposed sensor fusion for real time object detection in autonomous vehicles
combines the advantages of vision and millimeter wave radars as the two main sensors for
real-time object detection in autonomous vehicles hence create a reliable sensor fusion
architecture for real time object detection in autonomous vehicles. The sensor fusion enjoys
the strengths of the individual sensor modalities to handle their respective shortcomings by
collectively using them and hence is able to detect and track the needed objects on the road at
different scales. This arises the need for precise real time object detection approaches to detect
real time objects from well-separated depth from the background and ground without

distortion and lighting changes of the conditions in real world scenarios.

Unlike traditional Convolutional Neural Networks (CNNs), the recently developed energy

efficient Al, known as Approximate Al, has not been utilized for potential real-time object
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detection in autonomous vehicles. In this chapter, a survey of recent approximate Al
algorithms and hardware for the deployment in energy-efficient and real-time autonomous
vehicle applications is presented [9]. It consists of 6 sections containing the subsequent few
subsections. It details the technical principle of Al in autonomous vehicles (i.e., learning, object
recognition, tracking, prediction), best practices concerning Al deployment in autonomous
vehicles (mainly driving and computer vision), and the prospective challenges laid. As the
main concerns of the present chapter, while comparing the state-of-the-arts, it mainly
emphasizes Al with respect to its background, for instance in the form of edge, approximate,
flexible and interpretable Al for real-time and energy-efficient object detection, classification,
tracking and natural language processing in autonomous and smarter car production.
Besides, it has outlined the paramount current states for research conducted in the domains
of automotive revolution and car connectivity functions, acknowledging the traffic,
environmental challenges and making sustainable approaches in the form of presented

scenarios such as the anticipated function of approximate learning in autonomous cars.

6.2. Use Cases and Benefits

Deep learning techniques in the form of convolutional neural networks (CNN)-based
solutions like Faster R-CNN, You only Look Once (YOLO), YOLOv2, YOLOv3, and YOLOv4
or in the form of MobileNetV2+SSD (Single Shot Multi Box Detector), RetinaNet, and YOLOv5
are gaining importance due to better generalization, flexibility, and accuracy. All the above-
mentioned well-known algorithms not only reduce the total number of false positives but also
handle the problem of occlusion successfully, more accurately, resulting in better and efficient
tracking in case of autonomous vehicles. On top of this, these are able to automatically learn
different activation regions which are robust towards variations in scaling, skew or rotation

in real-time applications [16].

Efficient, reliable and robust object detection is of paramount importance in real-time
autonomous driving in outdoor environments [6]. Other than general road monitoring, real-
time vehicle detection in such autonomous driving systems is extremely important in
manned/unmanned aerial vehicles (UAVs), unmanned ground vehicle (UGVs). Indoor robot
navigation in automated factories or warehouses, stock, and inventory management are
among the many applications where object detection is indispensable. Real-time vehicle
detection and tracking for intelligent transportation systems (ITSs) is a hugely important

domain where object detection is crucial. Similarly, context-aware advertisement
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recommendations on digital billboards, in-store shelf management, detecting and labeling of
interesting real-world events in real-time are among other varied domains where object
detection is absolutely essential. Given the diversity of such types of applications, it is no
wonder that a lot of research is devoted to invent new and accurate techniques and models

for real-time vehicle detection [28].

7. Challenges and Future Directions

According to the risk of accidents and road infrastructure, the traffic flow at different speeds
can be manipulated together based on changes in design. In order to conduct experiments
under different previous conditions, attention will only be paid to the type of detection and
the proposed structures in this work. A secondary dataset comprising 2,950 images with
CULane, CULane CUMOT50, XTREME Pd prevention of accidents, and CULane CUMOT50,
and XTREME Pd datasets is used to improve efficiency ####. When validated and verified
using several objects and static lane markers under different scenarios, the proposed method
demonstrates high precision, recall rates, and accurately detect the number of road users close
to YOLOvV3. The modular method plays a significant role in real-time object detection and
locating on the roadside and assessing the environmental dangers from the network control
center. By developing this modular method, it is expected that the proposed deep learning-
based classification model would learning and multi-sensors would further improve object

detection in the road infrastructure

[12] [25]. Autonomous vehicles are expected to be in 5G-based smart cities, which integrate
various technologies such as Al, IoT, and big data. In the age of the development of 5G-based
smart cities, safety, convenience, and efficient travel will be important. However, cyber-
physical system (CPS) safety is difficult to attain under complex and rapidly changing
conditions. Automated driving system safety is a major concern of CPS. Scene interpretation
algorithms typically do not suffice, and sensors cannot fully estimate traffic conditions.
Considering these situations, more reliable object detection methods are seriously needed.
Therefore, in this study, a modular multi-sensors-based object data fusion method was

developed with dynamic and static object detection pipeline improvements.

7.1. Data Annotation and Labeling
In addition, for research about cars and stationary vehicles, 3D representations in the image

are now useful for their detection with the help of Neural Networks. Unfortunately, it is
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difficult to get real dataset with 3D representations of objects in environment. The aim of our
annotation approach is to aid and to facilitate the creation of the dataset, or refreshing of its

annotations, with the help of the 3D and 6D representations [29].

We can see from the previous section dedicated to the evaluation of the proposed detection
system, that the lack of depth in the point cloud is not a barrier to the realization of this
detection since most of the time the objects are composed by 2D projected bounding boxes
[12]. This case is general in research for advanced driving assistance systems and obstacle
detection for early autonomous driving systems. Their development passes by utilizing
mainly image 2D projected bounding boxes for sensor input. With the environment to observe
not only images but also their 3D representations, we can emphasize that 2D bounding boxes
are adapted for the detection of vulnerable objects such as pedestrians, motorbikes or bicycles.
To this end, plenty of annotation tools exist to easily work with them for ground truth creation

like Labellmg, hasty.ai, Cubicasa 3D, etc.

Automated or assisted labeling tools for 2D-based images, video data, and 3D LiDAR( Light
Detection and Ranging) point clouds are now popular due to their efficiency and productivity
[30]. With the appearance of these tools, annotating a dataset also became possible by domain
experts who have an adequate understanding of the scene only with the existence of these
tools. The “Find Localize Adjust and Verify Approach” is inspired to get the clock annotation.
PointNet ( PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation),
Frustum PointNet (Frustum PointNets for 3D Object Detection from RGB-D Data),
PointPillars(PointPillars) and PointVoxel are popular approaches that are used for LiDAR
detection in the open field for semantic segmentation. The “LiDAR-4D” dataset was annotated

by the FLAVA annotator for the benchmarking of point cloud object detection.

7.2. Generalization and Robustness

It is found that this work is able to improve real-time performance with acceptable detection
accuracy and still captures dynamic motion characteristics, object shape and stable position
information effectively in the complex city after training and testing the algorithm on the
CoNSeP dataset under the synthetic urban conditions, and simultaneously testing the
proposed method successfully on our real driving dataset of the experiment robotic vehicle.
Besides those, we will explore the use of high-resolution image on the Autonomous Driving

and the development of concrete applications in future.
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Compared with the traditional object detection model based on Yil et al., the proposed CDAD-
YoloV4 achieves a better balance between detection precision and processing duration.
Through extensive quantitative and qualitative analysis on two main real driving datasets
(KITTY and Cityscapes), we confirm that our proposed CDAD-YoloV4 can effectively
improve the detection performance of autonomous cars with a higher precision and recall rate
while efficiently detecting objects thanks to the region-wise feature fusion strategy and point-
wise feature fusion strategy. The experimental results show that the CDAD-YoloV4 method
outperforms seven state-of-the-art object detection and those deep-learning-based detection
models for object detection, leading to a significant improvement on recognition, recall, and
detection accuracy while reducing the unseen rate and improve mAP on average. The design
of the dynamic guiding mechanism reduces acting in futility of unnecessary and incorrect
detection for autonomous vehicle, making object detection system work smoother, more

reliable, and fast.

[3] [25]

8. Conclusion

In terms of accuracy and real-time performance, YOLOv4-CNNGVD, YOLOv4-DarkNet, and
YOLOVS are competitive with each other. The advantages of each are based on the datasets
on which they were trained and the type of enhancers with which they use for data
augmentation. In terms of the enhancers, the neuronal network-based systems were found to
outperform classic systems. Especially, it can be concluded that the models of YOLO and
YOLOVS5 have found the best combination of enhancers (e.g., scSE and Circle Loss), databases
(e.g., augmented MS COCO and FlickrLogos-47), augmentations (e.g., mosaic, random scale,
flip, and OPS). The performance ranking of these models can be different depending on other
factors such as the vehicle speed, the computational cost, and the energy consumption. The
use of any of these detector systems depends on the primary goal of the model: the trade-offs
between the real-time constraints, the accuracy, and the energy overhead in an autonomous
vehicle system. The most recent improvements in YOLO, such as the enhancements of version
5 using a scientific methodology to balance the speed and the accuracy, or the process of
OpenAl of version 3, show that deep learning in object detection has not yet reached its

highest potential for real-time constraints [31].
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Sensaic, DEFT, NAS-FPN, NAS-SSD, MOTNEeRF, and YOLOD be are a few examples of real-
time object detection systems in use today. Among these, the YOLO family is particularly
effective, offering a good trade-off between accuracy and inference time. The most recent
version of YOLO (i.e., YOLOv4, YOLOvV5, and YOLOvV5 with scSE data augmentation) has
been reported to be the most accurate and efficient real-time object detection system to date
[3]. In the context of autonomous driving, the ability to detect an object in real time with good
accuracy is generally more important than being able to detect many classes of objects. The
accuracy of object detection is typically measured using the mAP (mean average precision)
and IoU (Intersection Over Union), while real-time performance is generally measured in
terms of image pairs per second (FPS). The YOLO family and EfficientDet were developed
specifically to optimize real-time performance, and their balancing of accuracy and speed is

therefore ideally suited for use in autonomous vehicles [32].

8.1. Summary of Key Findings

This real-time object perception as a profound intelligent drinking skill was divided into
various sub-domains such as lane lines detection, traffic signs, traffic lights, traffic routing,
parking slots, vehicles and pedestrian, naffier pedestrian crossing, cyclist, night-time
pedestrian, wildlife, basic pedestrians, tempestuous recognition, and high-level scene
perception. We concluded that 19 of all these studies were related to pedestrian detection. In
conclusion, it is readily proved that the existing ADAS system performs using Deep Neural
Networks (DNN) with the An object detector is established in 80% of studies. The
performance of detectors in ADAS was investigated in various researches, of which the
majority were evaluated in terms of the average precision measurement.TestingModule was
examined in only 20% of research works. As a result of reviewing different methods and
techniques, KFU proposed in 2020 a new method for object detection. This study proposed a
method to detect running light and red-light cars at high speed using YOLOV2. Test results
showed that the proposed method proved to be successful for detecting these caste with the

low surrounding traffic and non-surrounding traffic.

[33] Over the recent years, autonomous vehicles have become a compelling research topic
because of their active applications in ensuring a more comfortable, efficient and safer
environment on the road. One of the main areas of concern in autonomous vehicles is their
capability to detect objects and process their dynamics in real-time scenarios. The road

environment offers irregular and unexpected situations where traditional object detection
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systems designed based on rule-based techniques underperforms. Therefore, deep learning-
based methods have been investigated by many researchers to address this challenge. This
paper aims to provide a cohesive summarization of the recent progresses of smart, real-time,
robust, efficient and accurate deep learning models for object detection in the context of
autonomous vehicles. The review initially addresses the hierarchical driving state perception
and comprehensive trend of techniques in this domain. It then onwards investigates the most
recent and frontline object detection methods and frameworks such as YOLO, SSD, FPN,
Faster R-CNN. In addition, a plenty of open research challenges and prospects are notified for

future research in this domain.

8.2. Implications and Recommendations for Future Research

Moreover, even though the focus of this article is detection, it is apparent that improved
detection performance can also be achieved by also integrating the recalled object tracking as
a means of putting object detections into a coherent situation. It will be attractive to explore
potential ways to build improved multimodal object detection techniques based on both
visual sensor and radar architectures that are jointly trained to achieve a compact scene
perception activity benefiting other driving systems. The possibilities in this field could be
rather attractive, especially if a true 3D radar sensor modality was added to the sensor
information. Further, the true 3D sensor data could be used to further optimize the joint radar

and visual sensor modalities. Which fusions to utilize was another question of interest.

One significant way to improve the deep learning-based object detection approaches in
autonomous vehicles is through the use of new sensors, sensor arrangements or multi-sensor
fusions [34]. A number of research studies have already shown the potential benefits of fusing
information from, e.g., radar and vision information for robust and accurate object detection
performance [25]. Another important area for deeper research is the development of fusion
policies to combine the prediction outputs from different object detection models based on

different sensor types. There is potential for it to significantly strengthen the tracking results.

Object detection and tracking have become central to the operation of autonomous vehicles.
Although there has been generous research activity and fast development in the application
of deep learning-based object detection techniques, there is evident room for future research

work to improve further upon them [12].
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