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Abstract 
 

This paper provides combine algorithms working with fuzzy logic and genetic algorithms, is support seamless connectivity, the algorithms have 
deep learning for future environmental study, used a heuristic optimization. The genetic algorithms start working based on based equation 
identified the regulation. The system proposed which is composed of integrated with satellite, Cellular and WIMAX technologies fixed by GPS 
to support different data rate, the main advantage idea also here the connectivity between vehicle to vehicle (V2V) communication is available 
based on 802.11p standard distance less than 100m in Local area, and less than 10 km in cellular WIMAX coverage area. Each vehicle equipped 
with GPS and smart card with Tow interface can be connected on one side interface working to support local network and cellular, another side 
support virtual connection. Also, this side can reach to connect directly through satellite connection with standers IEEE802.21. In addition, the 
long-term evaluation (LTE), supporting highest speed up to 400 km/h is different than other technology service coverage. Therefore, study 
identifies the emerging trends, highlights the technical limitations, and provides a roadmap for future vehicles communication development using 
robust algorithms with realistic simulations. 
 
Keywords: Deep fuzzy system, Fuzzy network, autonomous vehicles (AVs), Deep learning, Traffic optimization. 
 

	
INTRODUCTION  

 
Study of the Heuristics are widely used for dealing with 
complex search and optimization problems Evolutionary 
Computation (EC). Therefore, methods for Automatic 
Heuristic Design(AHD), represents the ideas of heuristics in 
high-performance heuristics on experiments [1], in their survey 
of the Heuristics are commonly used for tackling complex 
search and optimization problems among many other 
methods[2]. These hand-crafted methods have been 
successfully used in a wide spectrum of real-world 
applications. However, different applications may require 
different algorithms and/or algorithm configurations for to 
adapt issues of the simulation. To address this issue, Automatic 
Heuristic Design (AHD) has been proposed and become an 
active research area [3,4]. and frameworks[5], one can tune 
heuristics or combine different algorithmic components in an 
automatic manner. Much effort has been made to use machine 
learning techniques in automatic algorithm design [7-9]. 
Among them, genetic programming [10,11], provides an 
explainable approach to algorithm design. However, 
automotive connectivity stands at the forefront of vehicle 
design decisions, enabling a wide range of innovative user 
experiences, value-added services, safety and security 
enhancements, and new features that are changing the way 
drivers interact with their vehicles. Therefore, to make these 
new dimensions possible, cars will need to support a number 
of wireless technologies, including high-performance Wi-Fi, 
Bluetooth, Ultra-Wideband(UWB), Near Field Communication 
(NFC), IEEE 802.11p, and cellular connectivity, in order to 
enable key use cases, such as advanced in- collection, over-
the-air (OTA) updates, vehicle car infotainment and audio 
systems, secure vehicle access and sharing, intelligent vehicle  
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data diagnostics and health management, tire pressure 
monitoring systems, vehicle-as-hotspot, and Vehicle-to-
Everything (V2X) communications functionality, among 
others. On this research surveys, will highlight the future of the 
connected car and discuss how key wireless connectivity 
technologies will help to enable new innovative use cases 
within and around the vehicle. Discussion will focus on short-
range wireless technologies such as Wi-Fi 6, Bluetooth, V2V, 
Cellular and WIMAX, as well as on cellular technologies. The 
research highlights the need support multiple connectivity 
technologies within the vehicle to effectively address of the 
existing and emerging use cases and applications. However, 
including vehicle-to-cloud connectivity and telematics [12],in-
vehicle experiences, smart access and shared mobility, and 
V2X. In addition, it will highlight how new vehicle 
architectures will be fundamental in ensuring that vehicles of 
the future will be able to provide secure, robust connectivity. 
The organization of the paper is structured as follows: 
 
Section 2 presents the background of the selection method, and 
Section 3describes deep learning algorithms for the fuzzy 
interference logic system evaluation. Section 4 presents 
Intelligent seamless model, and Section 5 concludes the paper. 
 
Background and Related Works 
 
Dhinakaran et al. [13] the objective of their study is to enhance 
the efficiency, safety, and flexibility of autonomous vehicle 
navigation systems by employing advanced deep 
reinforcement learning (DRL) strategies, focusing on real-
world adaptability and safety assurance. In this paper [14], 
authors’ main objective is to design and develop a safe 
reinforcement learning (safe-RL) policy for autonomous 
vehicles (AVs) to avoid collisions and reduce traffic 
congestion on highways. The authors in [15] proposed the deep 
deterministic policy gradient (DDPG)-based framework to deal 
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The figure 11; described Decision making structures required 
for logical optimization, on criteria of algorithms is more 
conditions be evaluated to be executed when the condition 
determined to be in the stage of condition state true or false[25]. 

 

Table 1. IF, else and switch statement 
 

Statement  Description  

If …. statement 
Refer to the Boolean expression followed by one or 
more statement working as in closed time when it’s in 
schedule   of condition time. 

else statement  
Any statement can be followed by else statement 
when the expression of execution time for Boolean 
expression in state of false.  

Switch statement  
On this stage all variables and parameters should be 
tasted   for equality. 

 
Time simulation  

 
Figure 12.Service monitoring (seamless, connectivity, 
signalsstrength, Handover 
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Figure 13. (a) Service monitoring seamless, connectivity, signals 
strength, Handover. (b)The graph shown the service graph 
explaining the rules service is a poor then handover disconnected. 
 

 
(c) 

 

Figure 14.(c) graph present rule1, rule2 and rule3, handover 
disconnect, connect, handling   

 
Conclusion  
 
This systematic review has examined the development of the 
autonomous vehicle algorithm and related simulation 
frameworks by integrating findings studies in some critical 
areas, which include decision-making, trajectory planning, 
object detection, and traffic optimization. On the research 
surveys, covers optimum methods for how to find a solution in 
heterogeneous network connection, using some intelligent 
methods and different algorithms applied with genetic 
algorithms and fuzzy logic for enhancing a connection between 
cellular and WIMAX technologies fixed by GPS and wireless 
satellite networks technologies. The problem faced, its 
scalability is restricted by the hardware limitations of the 
Raspberry, and the precision of obstacle detection and 
navigation in practical situations needs further improvement. 
This systematic review has examined the development of the 
autonomous vehicle algorithm and related simulation 
frameworks by integrating findings from simulation studies in 
some critical areas, which include decision-making, trajectory 
planning, object detection, and traffic optimization defines 
autonomous vehicle (AV) communication types. Each row 
describes a communication type (e.g.,Vehicle-to-Vehicle, 
V2V), what it does, and an example usecase. In addition, 
various communication modalities pertinent to AV technology, 
from direct vehicle-to-vehicle communication for safety and 
traffic efficiency enhancement(V2V) to more extensive links 
with infrastructure networks(V2N), pedestrians and cloud 
systems (V2C). This gives a brief but detailed picture of the 
various communication paradigms in the AV scenario. 
 
Discussion 
  
Discussing traffic optimization strategies in autonomous 
vehicle communications. Algorithms based on traffic 
prediction and object detection strategies for recent scientific 
studies in autonomous vehicles, shown the progress of the 
handover detection system connection, the simulation result 
shown the stage of different traffic optimization defines 
autonomous vehicle (AV) communication types. However, 
devices standers of the quality reflected the ability of the 
strength signals of connection to handle dynamic and uncertain 
environments makes it a preferable choice where real-time 
decision-making is required. 
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