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1. Introduction

Car motional and extreme conditions are basically addressed in this paper by end-to-end
tailoring inference and data fusion potential of a powerful deep learning III vision net in the
Network Development, Sensor Cocoon. The proposed sensor data cocoon net accomplishes
multitask end-to-end prediction for vehicle environmental perception for AD and ADAS. The
perceived objects are automatically shared across different branches of the Sensor Cocoon
which eliminates the redundancy and the feature mismatch coming from the parallel deep III
vision nets. The Tailored Sensor Cocoon fuses high-level information coming from various
heads leading to final prediction through selected feature set by the self-driving or selfparking
task. The experiments carried out on challenging weather, lighting, crash condition and ADAS
specific scenarios, IoT reveals cocoon net robustness and precise high-level features found
better or equal to the previous state-of-the-art III vision nets and deep learning looped control

methods [1].

Deep learning and computer vision are fundamental for self-driving cars, enabling features
such as lane keeping assist, path planning, adaptive cruise control, and automatic emergency
braking. Their performance is directly related to the accuracy of perceiving the environment
from sensor fusion (SF) from inputs coming from camera, Lidar, and radar. Currently, among
the most important features of selfdriving cars, crash avoidance, path planning, and automatic
emergency braking are not fully integrated. Although sensor data fusion is broadly being used
for self-driving car systems from the microcontroller endpoint view, it is not directly deployed

for multitask integrated vision-based applications running in a high-level processing unit [2].

1.1. Background and Significance
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Artificial Intelligence, Al, is a broad concept covering topics like machine vision,
reinforcement of learning, robotics, speech recognition, natural language processing, decision
making, expert systems, etc. Many popular Al-traditions are used in AV like classical rule-
based systems under the Paradigm Reasoning, PR, Neural Networks, NNs under Machine
Learning, ML, and Deep Learning, DL. On the other hand, the Internet of Things, IoT is a new
development stage of the Internet, making it possible to connect not only computers, but also
various devices: smart devices, sensor networks, programmable logic controllers, etc. Of ever-
increasing numbers, the devices enable performance improvements of AV like perception,
real-time communication, cybersecurity, less energy consume, safety improvements, and

safety verification [3].

This chapter involves describing the background and significance of our paper about
integrating Al with IoT for enhanced sensor fusion in autonomous vehicles. It further charts
out the significance of IoT fundamentals and Al possibilities for AV applications, and how the
fusion provides sophisticated capabilities for enhancing future AV safety, perception, and

cognition [4].
1.2. Research Objectives

This study illustrates the multimodal fusion concept by creating an example that integrates
the data from the noise, camera, light barrier, direction indicator, and GPS multi-sensors that
contain simulation environments that can run experiments so as to simulate the sensor fusion
system exactly via the relationship learning system. There are also data structure and data
capture studies in the article which explain the rearrangements that should be done to ensure
that data from the defined sensors can be used as inputs in the network structure that
Landyway used in the study using vehicle and sensor data in the training section. In addition
to these, the experiments that test the structure proposed were also shared in the study, and

the logical analyses of the test results were made [5].

Furthermore, a supplementary sensor should be implemented with LIDAR. Most surveys in
sensor fusion have focused on camera data fusion with LiDAR to distinguish objects and
proximity estimation. On the other hand, an essential requirement in vehicle sensing
information is an upper sensing layer like the radar. Radar is perceived as a suitable
technology fostering future scenarios. Although studies have concluded that even a radar and

LiDAR tracking combined together might fail in events similar to the occlusion, by LiDAR, it
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has been suggested to track unseen radar measurements [6]. From the above, we propose a
new fusion method where the capabilities of radar and LiDAR measurements are identified

explicitly and their features do not be concatenated to produce fusion features.

Another major objective of this research is to analyze all possible scenarios for future true
multi-sensor fusion, including more comprehensive and advanced methods or algorithms
and new architectures optimized for the real-time enrichment of the inferences with IoT
cooperation. We focus on techniques to enhance the benefits of sensor fusion systems by
separating sensors and enhancing their coordination. However, according to Article [7],
research has suggested that autonomous driving research aims for object detection and
follow-up applications using the sensor fusion method for the radar, LIDAR, camera, and
global positioning system (GPS) sensors. By utilizing vehicles” various sensors, they can
predict and control vehicles. A study shown recently indicates how information from only the

LiDAR sensor is inadequate for monitoring dynamic objects.
2. Foundations of IoT and AI in Autonomous Vehicles

Through the addition to this of data from a range of other environmental sensor sources such
as altimeters, radar, Light Detection and Ranging (LiDAR), and ultra-wide band (UWB)
sensors, we build on the illustrative but important point made above to regard the vehicle as
sensor-modality agnostic. Once this modality independence is accepted, the central idea of
this paper from this point is critique from the sensor sources used of perception technologies
and methods to process this sensor data. Conceding the verity of level 4 and 5 AVs within the
time period of these requirements, we further critique from this position of these outcomes
and raise two threads of technical innovation, a new architecture for its representation and
processing from IoT sources that we refer to as ‘IoT computational imaging’ (CI); and from Al
a synthesis from statistics, traditional machine learning and deep learning we refer to as the
‘delayed fusion model” that demonstrates convincingly how the sensor fusion notion in AVs

will change as a result of their integration.

[8] [4]The ongoing developments in two fields - the Internet of Things (IoT) and artificial
intelligence (Al) - have the potential to significantly advance the capability of autonomous
vehicles (AVs) to effectively understand and respond to the driving environment. Originally
envisaged by the automotive research community as fundamentally different entities,

‘cooperative vehicles’ largely involving IoT “things’ connected to one another via vehicular ad
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hoc networks have been contrasted with ‘autonomous vehicles’ functioning primarily on their
own with the possibility of sharing data thereby becomes a natural consequence of IoT
connectivity. IoT though, has equally transformative potential in AVs. It can certainly be
realized in the context of connected vehicles, where data from other vehicles and
infrastructure sensors is added to that captured by the vehicle: in essence, the vehicle is
capable of “‘browsing’ the sensor data collected by others. In this regard, we refer here to the
way in which the vehicle fuses data from multiple sources to collaboratively analyze what it

sees as sensor fusion, and refer henceforth to this as ‘camera connectivity’.
2.1. IoT Technologies and Applications

In the automobile industry, IoT empowers the concept of intelligent communications,
bringing benefits in terms of better road safety, traffic management systems, and route
guidance. With numerous benefits and an intelligent future of connected vehicles, this paper
proposes a new Moisture Computing-Based Internet of Vehicles that provides a paradigm
shift in today’s scenario of interconnected communication in vehicles. It is demonstrated how
an IoV helps in a smart way of expressing and managing traffic with the help of the electronic
wave, intelligent computing, and traffic management systems. The system considers Nova DB
communication. Generally, concept of IoV is concerned with low-cost architecture
development that can help in changing the basic idea of connected cities that includes v2v as

well as v2i.

[9] [10]The Internet of Things (IoT) has revolutionized the way physical objects are
interconnected to transfer data seamlessly. In the automobile industry, IoT has led to the
concept of smart cars and intelligent vehicular communication (IoV), which enables vehicles
to sense, communicate, and react to the surrounding environment. Connectivity in IoV
leverages different types of communication technologies to enable advanced functionalities
such as intelligent transportation systems, navigation, entertainment, and autonomous
driving. To ensure the seamless transfer of data, IoV should have an efficient communication
protocol. The latest models of autonomous cars include advanced IoT communication

gateway for enhanced performance.

2.2. Al Techniques in Autonomous Vehicles
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Improvement in lane tracking of autonomous vehicles helps the vehicle to stay in the lanes
during sharp and bent streets also. This depends on the sensors. Vision-based lane tracking
uses a camera and is fast enough. Due to their dependency in image and weather, camera-
based algorithms cannot be used as single sensor data after for tracking in all conditions.
Depth map-based lane tracking needs clear and advanced algorithms, despite being less
ambient light sensitive. This type of sensor-based lane tracking needs to be in the vehicle’s

system to be efficient for a lot of road and scene varieties [11].

In the advancement in sensor technology in IoT, ultrasonic sensors, combined with other
sensors, can aid in creating a model of an environment using Al to enhance object and human
detection. The data obtained through LiDAR/Laser sensors combined with Al technology
allows for re-localization, localization, and mapping of environments [12]. Those sensors are
thus able to analyze the area around the car and determine if a person or an object is in the
way. Then for object or human detection, Al that uses the data gathered from LiDAR sensors
or cameras enhances the detection ability of those sensors. Object tracking using inertial
sensors and Al is expected to limit the hysteresis of the object using extended Kalman filters.
These inertial sensors can detect sudden breaks and obstacles. In the case of a breakdown or
accident, other vehicles can inform the cars behind it and allow them to take immediate action,

ensuring road safety thanks to Vehicular Ad-Hoc Networks (VANETS) [13].
3. Sensor Fusion in Autonomous Vehicles

[14] Autonomous vehicles (AVs) use sensor fusion data to control throttle, brakes, and
steering decisions in an attempt to maximize comfort and safety. Despite substantial advances
in sensors production, each type of sensor has its limitations in detecting and classifying
complex scenes. For example, lidar sensors underperform in fog and other adverse weather
conditions, while camera performance degrades in low-light conditions. To tackle these
limitations, the fusion of sensors has provided promising results in AVs. Fusion involves not
only fusing data at different stages of the pipeline but also employing different sensor
modalities at different stages of perception to obtain a richer and robust production of the
environment. Several prior art methods use multi-modal fusion to predict multiple AV control
decisions including trajectory estimates and speeding using vision, lidar, and predefined
maps. However, all previous methods are supervised and use additional annotations to

provide the ground truth to train the model. Moreover, these methods used feature steam
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fusion to obtain the final prediction. One-shot autonomous driving based on multi-modal
fusion learning and localization and planning.[15] Based on the requirement of current fusion
methods, we propose a novel sensor, profitably lidar camera fusion Transformer model
(called LVT). We develop early fusion that can aggregate multimodal data from the beginning
and leverage the strength of vision to effectively translate past vehicle sensor conditions. To
enable the same reasoning process to use all sensor modalities, our method produces a fixed
length representation using various backbones for camera data and LiDAR data that is then
fed into the transformer model. Our design is based on complete information from a vehicle
in the event of a catastrophic failure. However, an alternative approach is to maintain
multimodal diversity when fusing sensor data, enabling the vehicle to predict control
decisions when a sensor subset is corrupted. We develop a shared fusion model including
vision and lidar data that can be used to predict control decisions on a single modality failure

scenario.
3.1. Types of Sensors Used

Sensor data are a necessity for autonomous driving in intelligent connected vehicles (ICVs),
which exploit a variety of sensors including camera, LiDAR, ultrasonic, radar, GPS, IMU, and
vehicle-to-everything (V2X). Among these, LiDAR and vision-based camera sensors are
widely used for self-driving vehicles.++) __)) In general, LIDAR produces a 3D point cloud of
environmental/scene data, but is noisy and too expensive. On the other hand, vision-based
camera sensors can be affected by various environmental conditions such as illumination
changes, weather changes, dynamic effects of the camera movement, occlusion, and the scale
or rotation of the target objects. One approach to overcome the separate drawbacks of LIDAR
and vision-based camera sensors is to integrate them. This can be realized through data
analysis or data fusion. Vision-based cameras provide color information, which is useful for
semantic segmentation, but fails to yield accurate object boundaries, while point clouds

generated from LiDAR are only beneficial for object boundaries.

Sensor data are a necessity for autonomous driving in intelligent connected vehicles (ICVs),
which exploit a variety of sensors including camera, LiDAR, ultrasonic, radar, GPS, IMU, and
vehicle-to-everything (V2X) [15]. Among these, LIDAR and vision-based camera sensors are
widely used for self-driving vehicles [16]. In general, LIDAR produces a 3D point cloud of

environmental/scene data, but is noisy and too expensive. On the other hand, vision-based
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camera sensors can be affected by various environmental conditions such as illumination
changes, weather changes, dynamic effects of the camera movement, occlusion, and the scale
or rotation of the target objects. One approach to overcome the separate drawbacks of LIDAR
and vision-based camera sensors is to integrate them [17]. This can be realized through data
analysis or data fusion. Vision-based cameras provide color information, which is useful for
semantic segmentation, but fails to yield accurate object boundaries, while point clouds

generated from LiDAR are only beneficial for object boundaries.
3.2. Challenges and Limitations

Robot perception and robot learning are affected by the fact that counting numbers are
affected by various real-world noises such as sensor noise in which a sensor does not give its
particular reading. It is very difficult for LIDAR to directly measure precipitation, due to the
high absorption of laser energy. Also, cameras also fail to detect an object due to vision
occlusions, natural occlusions or due to some reason an outside physical appearance may not
be distinctly caught by the camera. The appearance of the object changes with the change of
azimuth and coupled with the ambiguity which means the same object can be viewed from
various angles. The perception of the object becomes difficult directly with mono-vision based
algorithms and hence seggregation of the object, may be geometry of the object or its patterns

becomes difficult using the general image processing algorithms.

In devices that rely on sensor fusion, challenges exist in regard to electronic hardware [18].
Heterogeneous sensors used in autonomous vehicles (AVs) can have different types of output,
making them incompatible. Furthermore, much of the data generated by sensors is spurious
[1]. A great deal of redundancy, in the presence of tens of such sensors becomes difficult in
computation as well as energy consumption. This in turn has cost and performance
implications. Data from the sensors have to be processed into decision-making intelligence,
without which automatic motion in particular and various other capabilities of sensing
capability in general for the autonomous vehicle would remain unusable. Further, the nature
of fusion becomes different, for example the lower level fusion fuses python data from various
physical phenomena such as temperature, light intensity, pressure etc. However, the upper
level fusion, the fusion at the very level of autonomy has to take decisions, balance conflicting

information [19]. If we are using a camera and a LiDAR for perception system where LiDAR

Journal of Al in Healthcare and Medicine
Volume 2 Issue 2
Semi Annual Edition | Jul - Dec, 2022
This work is licensed under CC BY-NC-SA 4.0.



https://healthsciencepub.com/
https://healthsciencepub.com/index.php/jaihm

Journal of Al in Healthcare and Medicine
By Health Science Publishers International, Malaysia 40

is distinct for segregation to get a depth map based on TOF based measurements and camera

will give RGB images as the data output.
4. Integration of IoT and AI for Enhanced Sensor Fusion

Taking into consideration the impact of coefficients, at the beginning of term c t()it will
produce all maximum( Then the term sum of the not less spinor has better IG, the value of
minimum should be squared It produces chaotic close movement. After all, gaet gradually
burdens numbers gradually slows down, the value of decreases performance, and the
arguments show that the control coefficient k3 is reduced as a function from

3.@Configuration, the chaotic close convergence will go along the opposite transfer direction.

The logical relationship between the error of the vehicle positioning location data in the
terminal fixed built vehicle intelligent transport system (ITS) can be divided into eight degrees
of relationships. I'd like to talk about a prediction of fast fall system (PFFS) using modulus
with dynamically slowing down computations of turbulent aerosolonics (adaptive control of
IT) [3]. Particle dynamics (PD) is a problem solving system (DSP), which include the
combination of total center-dominant (CD) and natural number and a both real and
computational rules. In a PD, two vectors point the given phase will yield a fixed point,
consensus with a direction.'gc, = (1 () ) that is a system of three average may be included and
then investigated to regularize slowing control'( RSo), also a basic reference to analyse or

supply or employed for each role delivered on the ( PFFS).

Passenger vehicles are rapidly transforming into intelligent transportation machines, with
autonomous driving technology expected to be the next decade’s key research area in the
automotive industry [20]. The location information of autonomous vehicles is usually
detected by installing a vehicle-mounted Intelligent Transportation Safety Device (vehicle-
mounted ITS) in real-time, i.e. GPS. GPS fair and poor environmental sensitivity is not good,
which seriously affects vehicle location positioning. There are many factors that affect sensor
fusion accuracy, vehicle position, and location. On-board information fusion technology
collects data from the vehicle terminal fixed intelligence transport system. When combined
with basic information sources to improve the accuracy of the carrier positioning. Sensor
failure cause vehicle location and positioning data error, which can increase the risk of an

accident [21].
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4.1. Benefits and Opportunities

This research is a timely attempt to integrate various standard sensors of current vehicles in
an intelligent and efficient manner. This study specifically focuses on integrating the Internet
of Things (IoT) with artificial intelligence (AI) to enable an efficient process for the selection
and fusion of multiple standard sensors. Al is used to fuse data from heterogeneous sensors
to help in sensing, perception, localization, and mapping by cutting down computational
complexity. Authors proposed different ways to fuse data from various standard sensors:
vehicle dynamics (Steering wheel angle, yaw rate, and speed), sensory sensors (radar: short
range (40 m) and medium range (160 m), and long range (320m)), and digital cameras. A
fusion model was developed to fuse data from IoT nodes for digital cameras, radar sensors,
and vehicle dynamics through elastic-net regression and multi-task deep learning. Finally,
findings were validated through real-world and simulations for vehicle localization, vehicle

control, and pedestrian detection.

This integration can benefit society in many ways including improved efficiency, safety, and
sustainable urbanization [5]. This is particularly true in transportation systems, where sensor-
based technologies form the foundation of smart transportation, intelligent transportation
systems, and autonomous vehicles. For these emerging transportation scenarios, various
sensor modalities are crucial to permit different applications such as advanced driver-

assistance systems, vehicle platoon control, and vehicle motion prediction.
4.2. Key Technologies and Algorithms

Many academic or industrial proposals focus on improving the quality of sound-based data,
e.g., by proposing new methods for capturing data in simulated environments, augmented by
the introduction of disturbances typical of cars’ cabin. Other studies consist in the creation of
large corpora of sound events commonly encountered in a vehicle, notably including different
types of alarms emitted by Advanced Driver Assistance Systems (ADAS). In the scenario of a
typical AV cabin, the cockpit radial sonic technology is meaningfully applied in the actual
world for the detection of safety hazards. This is plausible as conventional automobile sensors
demonstrate the same ability to monitor and compute driver-related activities throughout
automation operation with technology-bearing potential. Holloway et al. invested focus on
integrating radar data with advanced prediction-action systems in the evolution of machines

more favorably equipped to recognize road hazards in a regular and intensive environment.
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Furthermore, none of these contributions strictly focus on the radar-produced data and its
contribution to the technical separation system, which is the motivation behind the present

study. [rep: 07a6b7a8-e493-4334-8811-2ec9b6bdc2e7]

[rep: 00edde8c-2e35-490c-982f-c2fbd395631e; b05d2387-c614-4c98-bc43-c41b9e286531] Recent
studies have demonstrated that radar sensor technology shows great potential in connection
with speech processing. A fusion approach of both technologies allows to predict dangerous
situations and improve safety measures in traffic. Similarly, Radars have been shown to be
beneficial to speakers in the field of speech processing. We propose that recent results in the
Dirha project, where radar signal processing was used to recognize sound events taking place
inside a room, could be advantageously extended to automotive scenarios. We discuss several
potential use-cases such as joint radar/speech dereverberation, joint radar/speech source

separation or threat assessment using voice activity detection.
5. Case Studies and Applications

The authors have described a sensor fusion system, followed by a detailed mechanism; this
system uses vehicle sensors’ data for capturing real-time information from vehicular sensors.
It then processes data by transferring it from the vehicle cloud to a global cloud and processes
it using Al e57f9¢lf-aacd-4823-b7ef-c9fa33497fbf The final phase includes all three-
dimensional representations of odonomic, slip and global axis by embedding synchronized
sensors data into the soph. This sophisticated sensor fusion model employs reliable and
advanced sensor configuration to smoothen the unpredicted traffic environment. Moreover,
the developed method initially processes the data by eliminating noise and redundancy. After
noise detection, their multi-level sensor fusion model synchronizes all vital data and delivers
it to the SAE-AVP algorithm. Finally, these postprocessed data are then fused with seven
heterogeneous sensors. We have presented multi-level data fusion using classic, analytical
and sophisticated fusion models, which have increased the knowledge of traffic

environments, and have predicted harsh conditions. E34c3£59-2432-4b5b-bee0-bla7e4553681

Despite autonomous vehicles showing promise, certain limiting factors still pose a problem
such as uncertain data from sensors, which is a threat to travellers” safety. This problem can
be solved by employing an intelligent multi-sensor data fusion (IMDF) process. They have
developed a novel IMDF framework based on IoT, Al and a SAE-AVP algorithm, which can

capture both static and dynamic features from heterogeneous sensors. This framework
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includes 216bbfe0-fc4d-40c4-a87c-c782d88d20ae multiple level sensor fusions for obtaining a

more comprehensive and accurate understanding of traffic environments.
5.1. Real-world Implementations

In Free Space Motion classification and LiDAR normal CYC-Net solely applied scenarios
enhanced with multi-modal approach on changing Lighting conditions added onto datasets
to INR-Net that includes feature representations through MSC-Sing, and, Feature Switch.
These two do qualify for alternatives to intermediate fusion for camera-lidar fused systems in
ROS-Nodes. It can be further assumed that SCALOFF can be a proper intermediate fusion
between LIDAR and CAMERA stages into task-specific autonomous operation in
autonomous vehicle datasets such as KITTI, TRAJECTNET, and SIM-Libraries [12]. In this
work, INID-CYC-NET has been ranked in traditional intermediate fusion methods for the first
time based on average accuracy_recall_f1 score, and it has resulted as the highest ranking

method in all scenarios.

As illustrated before, there are significant opportunities for the integration of Al and IoT
sensors in eliciting real-life solutions in autonomous vehicles and the future of smart cities [5].
Using sensor fusion techniques primary feature recognition systems can be significantly
improved [7]. Furthermore, with successful sensor fusion intermediate and late fusion layers
robust solutions can be developed for feature recognition in images, sound, and live video
streams. As instrumentation systems in autonomous vehicles, in the scope of an extension of
IoT, tend to involve a number of sensors especially Cameras, LiDAR, and Radar,

methodological alternative implementations are of practical significance.
5.2. Performance Evaluation

- A representation of the fusion process, which is often oversimplified in practice and either
performs the sensor data fusion at a too high abstraction level, thus fragmenting the available
information and reducing the accuracy of the estimated environment description, or at a too
low abstraction level, thus disregarding the properties that contribute to the quality of the
acquired snippets. On the other hand, a limited number of methods derive the representations
of sensor data with different modalities late in the signal processing chain, not lending much
attention to the alignment of representations. - A decision-making function, which merges the

individual results of the sensors, to generate a final decision. It is considered to be an
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important part of the fusion framework, but typical classification losses used for object
detection are less influenced by this and were therefore jointly investigated. - Alignment
methods that allow the sensor data from the different modalities to be combined are
considered within the framework of sensor data fusion. These methods are mostly limited to
adapting the size of the images of different sensor channels to each other before being
processed through convolutional layers that have the same dimensions. - Databases, which
are essential for object detection in the case of supervised learning methods, were found to
influence the fusion at the decision-making function equally. Especially the composition of
the databases was crucial for the choice between early, intermediate or late fusion that

achieved the best performance.

At the same time, the fusion of different sensing modalities is able to create more accurate
descriptions of the environment by using the complementary information that comes from
different sensing modalities [22]. Therefore, in order to make efficient environment
perception, this capability of sensors must be limelighted and sensor fusion is forced to be
used [1]. In the general, relevant works that propose various sensor fusion architectures and

methods focus on four main processing aspects [7]:
6. Future Directions and Research Challenges

The non-functional requirement challenges involve the adaptability and scalability of the Al
and IoT pipeline in the presence of new sensors, as well as the efficiency of these
heterogeneous systems to operate with limited power and compute resources. Heterogeneity
of sensors results in lack of any tangible ground truth for sensor measurements or in case, an
arbitrary consequence mapping from sensor measurements to the format of the data detected
by different sensor data sources may lose vital Information. Thus, perturbation handling in a
real-time system is primary. In response to perturbations, especially those resulting from
sensor fusion, output has to be generated in real-time. Hence, the scenario planning and
perturbation handling workloads needs to be optimized and made adaptable to dynamic
changes to basement infrastructure [23]. In a different specification of the same problem,
LiDAR companies are expected to certify RADAR, and camera is likely to replace RADAR
with LiDAR.

The rapid advancements in IoT, Al and LiDARs will ensure robust, real-time sensor fusion

systems [2]. Nevertheless, there are a few major challenges in this context that need to be
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addressed before the real-world adoption of this technology. The main functional requirement
challenges includes the precision of sensor data synchronization due to the different time
lapse, correlation between multiple sensors whit difference in field of view, and fusing
computer graphics and computer vision - (i) the field of view of onboard sensors and
computer vision solutions overlap with what a human driver would see (through the
windscreen, rear view mirrors, etc.) and (ii) a computer vision system needs to know which
items in the 3D graphics generated by the computer graphics system correspond to items

processed by the computer vision system, since some can and do overlap [24].
6.1. Emerging Trends

Real-time traffic IOT (RTIOT) is everlauding and often causes problems in autonomous
driving [ref: 5b20ec23-4b37-4b51-8a11-0b1270ccd041, 7fee6402-9e94-4cdd-a72b-
6a5e316596c2]. Present autonomous vehicles depend majorly on LiDAR sensors for
understanding the environment, which at times does not provide accurate human detection
when perceiving crossing pedestrians in highly reflective and challenging environments.
Sensor failures and related problems are hard to solve but it is possible to implement a system
architecture with a voice-enabled system and a mi3d vision architecture. Future smart
autonomous vehicles will rely on picking new or existing sensor meta information and make
direct adjustments to the sensors in real-time due to the presence new real-time sensor
modalities. If the available sensor meta information is not useful there is an option to create

its sub task-driven Giulio to fastly sensor submodality optimization.

[17] [25]The fusion of Artificial Intelligence (AI) and Internet of Things (IoT) technologies
promises the enhanced performance of autonomous vehicles fitted with sensors. Research is
still in its nascent stage that focuses on discussing Artificial Intelligence (Al) and Internet of
Things (IoT) separately. A touch of mixed reality can further enhance the mix and make the
best use of VR/AR (voice-augmenting reality) and sensor modality aggregation in real-time
stressing upon sensor prioritization on scenarios. A well-designed sensor-oriented
architecture will need to be put in place that mixes sensor emergence with the optimization
of future sensor architecture for autonomous vehicles. Future smart and autonomous vehicle

architectures will tend to make driving an even more comfortable ride.

6.2. Unsolved Problems
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The magnitude of challenges posed by unsolved problems may also depend on the contexts
and deployment conditions of vehicles. Sensor fusion hardening in conjunction with
unsupervised anomaly detection is an important unsolved problem. The scope of related
unsolved problems include aligning data from different sensors in vehicle-to-cloud and V2V
vehicle automation, annotating vehicle damage and departure delay problems in collected
training datasets, retaining real-time safety criticality and ensuring remote under-the-hood
convenience are important problems. Long-term sensor fusion hardening and maintaining
vehicle criticality using Al methods with the introduction of unsupervised sensor anomaly

detection are unsolved problems that we aim to spotlight.

Trust is a significant unsolved problem when recognition and prediction systems need to
provide context-relevant cues for vehicle automation [26]. Another unsolved problem is the
lack of an end-to-end fusion solution that seamlessly operates across several interconnected
atomic steps at high sensor rate [6]. As connected vehicles begin relying on vehicle-to-
everything (V2X) information in addition to sensor data, fusing sensor information with V2X
becomes important. Currently, Al systems in autonomous vehicles are mostly weak for code
reuse across different brands of vehicles or sensor faults [27]. Trust and contextual relevance
are recognized as unsolved problems while unsolved problems outweigh the milestones, we

expect more unsolved problems that we discuss in the later sections of this article.
7. Conclusion and Recommendations

Autonomous-Vehicular roadside-sensing-decision technology uses LoRa, 4G, and multi-
sensing response functions. For the implementation and evaluation of smart roadside sensors,
this pattern of wireless communication for the IOT is also used. During solo and combined
experiments with multi-sensor vehicle setups, the sensors are able to display simultaneous
sensed data. It is important to choose power sources for different roadway sensors. LoRa,
3G/4G and solar power systems should be used since the multi-sensor system is expected to
operate only after the mobile cellular network and then it will increase the safety of the vehicle

monitoring system and the road signs calculation while driving [15].

[23] Advanced solution to enhance a highly autonomous vehicle by sensory vehicle and
normalize behavior with respect to road sign shape and the road strip. An adaptive neural
network model for vehicle speed prediction and vehicle collision avoidance mechanism based

on neural network is proposed [2], and a road sign detection mechanism is designed based on
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neural network model, which implements self-driving localization in real-time by using both
IoT-SmartPhone and an Application supported by mobile cellular network. A self-localization

is also enhanced by the higher level of IoT Edge technology.
7.1. Summary of Findings

We explored innovations made to foster uniformity of format in accordance with the
guidelines of Machine Vision based paper submissions. Finally, the advantages of
incorporating optical flow raw feature maps as a performance improvement technique was
examined on multiple benchmark AV datasets to perform on the fly data augmentation. We
also explored the network generalisation and tested the network on our vehicle scenario in
optimal condition with the edge case simulations. We believe that this anal ysis can be used

as a reference by any researcher looking to design and test any AV-speech dataset classifier.

[28] In this chapter, we presented a detailed literature review of the state-of-the-art sensor
fusion, data processing and fusion architecture techniques developed to deal with the sensor
data integration in autonomous vehicles. We highlighted the importance of data integration
for maximising the AV situational awareness. We explained the methodological approach,
which included identifying the research objective, identifying relevant literature studies,
selecting and appraising the literature, combining and summarising the findings. The
literature on this topic is limited, with many of the reviewed articles generally focused either
on sensor fusion for different applications, mainly robotics and industrial automation, or
sensor fusion for data processing in highly redundant application areas. Few authors have
analysed sensor fusion methods for the integration of complex sensor architectures to
maximise perceptual interpretability of the surrounding environment in the context of
autonomous vehicles.[27] We identified a gap in current work in TII in the context of
examining beyond prototype level applications and a lack of focus on data analysis and
objective scientific assessments. This research filled this gap by making the effort to compare
and provide an evaluation of the individual sensor modalities and then combine these to
extract any improvements. From Composite Data Aiding (CDA), it was observed that low
level sensors, such ultrasonic sensor, and LiDAR employed alone have overlapping strengths
in terms of localising static objects under low speed conditions. However, the inclusion plus
inclusion of the ultrasonic sensor and radar and front camera appears to be a good

combination to achieve obstacle localisation accuracy better than +/— 0.5 m. For higher speed

Journal of Al in Healthcare and Medicine
Volume 2 Issue 2
Semi Annual Edition | Jul - Dec, 2022
This work is licensed under CC BY-NC-SA 4.0.



https://healthsciencepub.com/
https://healthsciencepub.com/index.php/jaihm

Journal of Al in Healthcare and Medicine
By Health Science Publishers International, Malaysia 48

driving conditions (perceived as 30 km/h in this study), a combination of LiDAR, radar, and
front camera is beneficial.[23] Finally, we quantitatively evaluated a 20,000 scene object
detection experiment and set a performance baseline for the dataset. This provides a
foundation for future works on AV technologies that integrate multiple diverse and
complementary sensors. In summary, we are hopeful that multi-sensor input will make object
detection robust for A V deployment in the wild. There are several avenues for future work
based on this work. One insights could be used to in co-operate better segmentation-based
methods that may work well in certain weather conditions. Additionally, there are many
interesting questions to solve such as enhancing the set-up to accommodate multiple cameras,
as well as providing a fuse input for multi-camera or other sensor modalities. Perhaps pooling
the op tical flow feature maps across different designs with differential features of the

consideration.
7.2. Practical Recommendations

[{"refs": ["ec8b63ee-3074-4d21-a7c8-c211fc013906", "b7tbb01a-5f16-4fc4-9a34-ff2107a735d2"] },
"Smaller objects need to be detected at a longer distance in autonomous driving, the
monocular ci detection has poor detection performance due to its large background noise and
uncertainty. To generate deeply-integrated ci-ai sensor, we train a two-step transformer as the
ci-ai sensor and propose a residuals regressing loss for the ci-ai sensor. To conduct sensor
fusion in the ci-ai sensor, we propose a residual prediction network (rpn) which can predict
the relations between the ci-ai data and the color image data such that the ci-ai sensor can not
only sense the depth of the objects but also recognize the class of the objects.", "In recent years,
the field of natural image analysis has experienced an evident shift of research focus towards
the new research area of deep integration between ci and ai, i.e., ci-ai. In traditional object
detection, multi-class ci-ai object detection refers to the process of detecting objects from an
image and then classifying and detecting all the objects within the image regardless of
occlusions. In ci-ai object detection, the class scores are learnt by the correspondence matching
so that the class scores can fuse perfectly the ci information with the ai information. However,

only matching ci and ai cannot effectively amplify the features of the ci patterns." ]
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