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ABSTRACT The vehicular ad hoc networks VANET is an essential part of intelligent transportation systems
(ITSs) since it may offer various multimedia services and safety services to pedestrians, passengers, and
even drivers. A wireless communication protocol called dedicated short-range communication (DSRC) was
created for toll collection systems. Nevertheless, DSRC standards are extremely constrained, necessitating
the development of next-generation communication protocols appropriate for VANET. Here, intended to
develop an Optimized Reinforcement Learning (ORL) for obtaining resource allocation in VANET. This
proposed methodology is developed for achieving resource allocation with efficient data transmission. This
proposed approach is utilized to adjust the control channel interval (CCI) and service channel interval (SCI)
to empower network performance. Additionally, it is utilized to reduce data collisions and optimize the
network’s backoff distribution. The proposed method is a combination of reinforcement learning (RL) and
adaptive coati optimization (ACO). The coati optimization mimics the characteristics of coati in natures
in which it depends upon the coati escape from predators and hunting and attacking behaviour at various
climates.The RL is utilized to obtain an efficient channel access algorithm. In the RL, the Q value is optimally
selected by using ACO. Based on this algorithm, the proposed method is utilized to enhance the performance
of VANET data transmission by achieving optimal resource allocation. The proposedmethod is implemented
in MATLAB, and performances are evaluated using performance measures. Additionally, to validate the
performance of the proposed methodology, it is compared with conventional techniques.

INDEX TERMS VANET, resource allocation, adaptive coati optimization and reinforcement learning.

I. INTRODUCTION
Vehicular ad hoc networks (VANETs) are inexpensive, self-
organizing internet connections to share information and
connect Road Side Units (RSUs) without the need for facil-
ities [1]. Each automobile in a VANET is outfitted with
portable gadgets; the innovation employs the essential con-
nectivity modules [2]. Vehicles are equipped with an on board
unit (OBU), which is made up of a primary control device,
an operator panel, a specific connector for connecting to
a secondary OBU [3], and storage for comprehension and
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composition data that has been acquired. Given that vehicles
can interact with other vehicles and with roadway base sta-
tions, which are positioned at strategic junctures along the
route, the situation can be characterized as an autonomous
element of the transportation system.

It is composed of several devices, each of which can be
an automobile or an emergency device. In VANET, there are
primarily two forms of communication: vehicle-to-vehicle
(V2V) and vehicle-to-infrastructure (V2I). It is necessary
to transition between networks since vehicles are portable
gadgets that happen to be in progress. Vehicle-to-vehicle
(V2V) [4], refers to the inter-vehicle use of informatics and
vehicle-to-everything (V2X), technologies. In this scenario,
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automobiles form an IoT (Internet of Things) on automo-
biles by connecting with their peers over 5G or designated
short-range connectivity (DSRC). Transportation facilities
and automobiles can wirelessly share data through a sys-
tem called vehicle-to-infrastructure (V2I) transmission [5].
It makes it possible for cars to transfer, endure, and trans-
fer messages over an electronic grid structure, even erratic
operators will be able to control their driving with sufficient
intervals for these sensors to gather congestion a distance in
advance of the vehicle.

The technique of resource allocation involves determining
all of the resources that are accessible for a given task,
including money and manpower, and then wisely distributing
these individuals to activities that allow users to perform
at their highest level [6]. The processes used to distribute
items and amenities are known as distribution of resources
mechanisms. The two primary categories of resource allo-
cation under consideration are one-time and recurring [7].
Optimizing the use of restricted assets and obtaining the
greatest possible return on expenditures, involves navigating
conflicting requirements and priorities and choosing the most
suitable course of strategy. Investing appropriate resources in
the proper involvement at the appropriate moment increases
productivity and reduces excess hazards. The task profitabil-
ity and timeliness are maintained through the integration of
connection accounts and greater insight throughout every
component.

Reliability is increased and the chance of extensions
is reduced when the appropriate resources are allocated
to the correct activity at the proper timeframe. Increased
resource availability along with involvement in economics
contributes to programs staying sustainable and on track. One
of VANET’s primary responsibilities is to enable wireless
data transfer in automobile regions so that vehicle velocity
and location statistics can be sent to one another via a
wireless connection, thereby preventing accidents [8]. Based
on the road structure, vehicle movement, destination and
controllers, the authors [24] handled dynamic variation in
IoV. Due to the ad hoc based distance vector routing, an
optimized path algorithm is utilized to ensure the latency
and security. The IoV communication framework entered
and prevented suspicious vehicles. In [24], concerned RSU
short range with the all contributing vehicles authentication
process agreed with RSUs and EVs. The signatures repeated
verification highly decreasing and limited resource-RSUs
with reducing big overhead. The revocation, edge-computing
and batch verification supported with the quantum-secure
protocol. The traffic-related information is fake that stopped
and the malicious vehicle traced effectively. The flexibility of
automobile accessibility, numerous link errors, regular shifts
in the network structure, and a decentralized structure with
multiple devices are the main problems with the transmission
of multimedia on VANET. This work presented a novel an
optimized reinforcement learning for resource allocation in
VANET. Following points summarizes the major research
contributions.

□ To achieve effective VANET resource allocation using
proposed RL and ACO algorithm also improving the effi-
ciency of data transmission.

□ To improve network performance by adjusting the
parameters of SCI as well as CCI. Within the network, the
data collisions minimized.

□ To use proposed RL and ACO algorithm for optimizing
the backoff distribution of network thereby developing effec-
tive channel access model.

□ To compare the proposed ORL efficiency with previous
traditional approaches thereby validating proposed ORL effi-
ciency of resource allocation.

Rest of the work is arranged like that: Section II summa-
rizes the literature reviews of resource allocation in VANET.
The proposed framework is described in Section III fol-
lowed by its experimental results are discussed in Section IV.
Section V concludes the whole work.

TABLE 1. List of main acronyms and symbols.

II. LITERATURE SURVEY
To elevate Internet of Vehicles (IoV) resource allocation
complication Liang et al. [9] presented a reinforcement learn-
ing algorithm to manage flexible computing, databases, and
network resources. The investigation deals with resource
distribution in the IoV as a semi-Markov decision pro-
cess, including an additional resource allocation device
and a resource reserve technique. A hierarchical architec-
ture and Hierarchical Reinforcement Learning (HRL) are
employed to determine the best resource allocation strate-
gies. It enhances the consumption of resources and improves
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individual Quality of Experience (QoE). However, it doesn’t
thoroughly examine how scalable massive systems can be
made.

To take the computing task’s latency into account, Liu et al.
[10] developed a vehicle-assisted offloading scheme where
vehicle servers as mobile edge servers for User equipment
(UE). To tackle unpredictable congestion and inconsistent
interaction circumstances, the issue is restructured into a
semi-Markov process. Utilizing Q-learning and Deep Rein-
forcement Learning algorithms enhances the distribution
of resources and choice-making computational systems.
It offers an extensible, sturdy, dependable, and adaptable way
to delegate work and successfully handle resources. There-
fore, the primary technological issue arises from deciding
which calculation position should be unloaded.

The significant transmission delay and limited computing
power of the present vehicular network structures provide
problems for intelligent vehicular services, Wu et al, [11]
described vehicle-to-multi-edges (V2Es) as an interaction
structure for connecting vehicular networks. The multi-agent
reinforcement learning (MRL) approach is used to acquire an
unpredictable connectivity state between vehicles and border
nodes to reach selections about interface storage and task
delegation. It can efficiently and rapidly implement planning
strategies while lowering standard service duration by over
10%. However, this method has a flaw in that it ignores the
varied significance while reusing with identical frequency.

The user interface for automobiles in Internet of Vehi-
cles (IoV) scenarios enhances and reduces bandwidth in
services; Lee et al. [12] designed a vehicular fog com-
puting (VFC) resource allocation method that utilizes the
consumption of reinforcement learning (RL) in addition to
a heuristic algorithm. It improves the vehicle’s comput-
ing situations, safety and accident alerts, driveway status,
problem-solving, and customer satisfaction rates. It improves
connected devices’ overall standard of experience in modern
cities. Thus, it is not stated very great-scale transportation
systems with an enormous amount of simultaneous vehicles.

The analysis uses deep reinforcement learning for flex-
ible spectrum availability and Wang et al. [13] suggest a
multi-hop broadcast protocol (G-hop) to handle the prob-
lem of scarce frequency assets in vehicular ad hoc networks
(VANETs). Using the depth-first-search technique classifies
vehicles according to attributes like transmission distance and
acceleration of travel. To comprehend the time-dependent
procedure, it presents the Global Optimization method based
on Experience Accumulation (GOEA), which integrates an
interconnected framework utilizing deep Q-network and
recurrent neural networks. Both methods are reliable and
efficient in VANETs through frequency assents and multi-
hop communication. Thus, it does not examine any potential
issues implemented in in-vehicle networks.

Using reinforcement learning in Vehicular Ad Hoc Net-
works (VANETs) to improve transmission effectiveness and
efficacy Luo et al. [14] suggest an intersection-based V2X
Routing algorithm to implement Q-learning at crossings and

using Roadside Units (RSUs) for optimal navigation. SUMO
(Simulation of Urban Mobility) traffic software which is
frequently used to investigate transportation networks and
VANET situations. The effectiveness and flexibility of chang-
ing roadway circumstances are assessed through the creation
of VANET settings with several crossings and moving auto-
mobiles within the framework. Hence, the effect of changing
network settings or outside factors is not considered.

To maximize resource allocation selections, Liang et al.
[15] use a Long Short-TermMemory (LSTM) neural network
in a deep learning-based model for transportation networks.
To evaluate the efficacy and precision of the algorithm for
assigning resources to automobiles depending on current net-
work circumstances and specifications, the investigation also
carries out performance tests. The technique blends moving
vehicle statistics with the system’s current states to enhance
the effectiveness of resource allocation and enable flexible
choice-making in volatile vehicular contexts. Therefore, it is
inadequate to evaluate for various network conditions.

The efficiency of such programs can be improved by vehic-
ular networking (VN) technology, which gives smart vehicle
(SVs) connectivity to the computational and detecting power
of nearby SVs. Due to their portability and the characteristics
of transmitted data routes, Chattopadhyay and Tham [16]
develop Contextual Bandits (CB), Markov decision process
(MDP), and deep Q-network (DQN) based methods for VN
detection and analysis. Therefore, improving SV systems’
reliability can be achieved through the development of effec-
tive computational and detecting strategies for SVs and VNs.
Thus, it is not always dependable.

Because vehicle settings are dynamic, it makes sense to
develop a hybrid technique for efficient resource allocation.
Kumar et al. [17] utilize deep learning methods to forecast
the movement patterns of automobiles. Then, to optimize the
bandwidth performance of all participating vehicles, by uti-
lizing two deep reinforcement learning methods: advantage
actor-critic (A2C) and deep Q-network (DQN). Consider-
ing the temporal variability of user flexibility, it integrates
the long short-term memory (LSTM) into DQN and A2C
approaches. It demonstrates the efficacy and reliability of the
suggested approaches.

III. PROPOSED MODEL
The proposed workflow model is outlined in Figure 1.
The service announcement of wireless access in vehicular
environment incorporating update time information, guard
interval (guard interval length information), CCI and SCI are
the channel adjustment parameters that included in RSUs.
The control channel monitored continuously via OBUs in
vehicles before connecting to a particular RSU. The RSU
with OBU performing synchronization process after obtain-
ing the advertisement message. Due to channel adjustment
parameters, the channel switching among service and control
channels. To perform channel switching, the service and con-
trol channel accomplishing data exchanging via OBUs and
RSUs in vehicle. Due to enlarger data traffic, the present
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CCI and SCI congestion level monitored via RSUs during
data exchange. More crucial is CCI because of management
message transmissions such as high-priority messages, tim-
ing information and service advertisements. From RSU to
OBU, transmit the parameters of adapted channel coordi-
nation, which adjust the channel switching. The CCI and
SCI adjustment continued data exchange. The data exchange
efficiency with the number of data traffic in CCI and SCI
congestion levels are monitored.

FIGURE 1. Proposed workflow model for resource allocation in VANET.

A. REINFORCEMENT LEARNING MODEL
To provide better resource allocation, this work proposed
a model of Reinforcement Learning (RL) model thereby
proving effective data transmission in VANET [18]. An opti-
mal strategies learned with enabling the evaluations of critic
(function) and actor (policy) combination. Figure 2 shows the
framework of Actor-Critic based on RL.

1) ACTOR-CRITIC MODEL
An effective learning and stable procedure allowed via Actor-
Critic outline. While making decisions and detecting optimal
policy, the major responsible is Actor network in which the
feedback on those decisions is providedwith the help of Critic
network [19]. The resource allocation performed by ensuring
adaptability. Below expression mathematically representing
the framework of Actor-Critic.

π
(
b\d; θπ

)
≈ π∗ (b\d)

Q
(
d, b; θQ

)
≈ Q∗ (d, b) (1)

Based on the above equation, d as an Actor mapping state
to action as b. Critic computes the function of action-value
is Q

(
d, b; θQ

)
. Both Critic and Actor performance improved

over training is updated with θQ and θπ parameters.

2) ACTOR NETWORK
Due to the current state of VNAET, the decision on resource
allocation made with Actor network. The available actions
based on probability distribution created with θπ adapts
π (b\d, θπ ) as the policy function. The resource allocation
efficiency raised with expected cumulative reward increased
and the actions are selected that involved in decision making

process.

bt ≈ π
(
b\d; θπ

)
(2)

3) CRITIC NETWORK
Here, is the action value function that resembled the Actor’s
decision efficacy evaluated with Critic network [20]. The
process of Actor’s learning guided to provide feedback also
the Actor in the given state takes action values are evaluated

Q
(
d, b; θQ

)
≈ Rt + δQ

(
dt+1, bt+1; θQ

)
(3)

In the state dt , obtain an immediate reward is Rt . Based on
future rewards, the discount factor is δ.

FIGURE 2. Framework of RL based Actor-Critic model.

B. ADAPTIVE COATI OPTIMIZATION (ACO)
The Q-values in RL is optimized via ACO algorithm.
The latency reduced with effective adapt transmission with
the service channel and control utilizations optimized via
ACO [21]. The coati optimization mimics the characteristics
of coati in natures in which its depends upon the coati escape
from predators and hunting and attacking behaviour at vari-
ous climates. This optimization is driven based on the coatis
and the location of coati is utilized for the determination of
decision variables. The initial locations are driven randomly
in the search space and is framed as,

Gj : Gj,i = lci + m. (uci − lci) , j = 1, 2, . . . .,K ,

i = 1, 2, . . . , l (4)

The total number of coatis is K with the decision variables
l. the jth coati in the search dimension is Gj,i. The random
number is m and is falls under the range of 0, 1. Based on
the time, an optimal channel learned with effective channel
access model developed via utilizing better Q-values in RL.
The bottommost and uppermost constraints of the search area
is lc and uc. Improve the resource allocation based on intel-
ligent decision making with network environment changing
adapted with RL model. The matrix form of the COA in the
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population matrix is framed as,

G =



G1
...

Gj
...

GK

 =



g1,1 · · · g1,i · · · g1,k
...

. . .
... . .

. ...

gj,1 · · · gj,i · · · gj,l
... . .

. ...
. . .

...

gK ,1 · · · gK ,i · · · gK ,l

 (5)

The positioning of the best solutions with respect to the
decision variables are responsible for the objective function
issue as Q-value optimization and can be formulated as,

O =



O1
...

Oj
...

OK


K×1

=



O(G1)
...

O(Gj)
...

O(GK )


K×1

(6)

The objective function of the Coati is O and jth coati’s objec-
tive function is Oj [22]. The location up-gradation of the
coatis is based on two strategies, which is explained detailed
in the following sub-section.

1) ATTACKING THE IGUANAS

GS1j : GS1j,i = gj,i + m.
(
Igui − F .gj,i

)
, j = 1, 2, . . . .,

K
2

,

i = 1, 2, . . . , l (7)

After the attack the iguana might have fall on the ground and
hence the location of the coati changes with that. This can be
expressed as,

IguZ : IguZi = lci + m. (uci − lci) , i = 1, 2, . . . , l (8)

GS1j : GS1j,i =

{
gj,i + m.(iguZi − F .gj,i), OIguZ < Oj
gj,i + m.

(
gj,i − IguZi

)
, else

for j =
[
K
2

]
+ 1,

[
K
2

]
+ 2, . . . .,K

and i = 1, 2, . . . , l (9)

2) ESCAPING FROM THE PREDATOR
The escaping from the predator is simulated for the random
location of coati and is the second phase and can be outlined
as,

lclocali =
lci
t

, uclocali =
uci
t

, where t = 1, 2, . . . ,T

(10)

GS1j : GS1j,i = gj,i + (1 − 2m)

.
(
lclocali + m.

(
uclocali − lclocali

))
,

j = 1, 2, . . . .,K , i = 1, 2, . . . , l (11)

The updated location is based on the objective function and
can be stimulated, which is enhancedwith the help of distance
vector formula thereby providing better results of ACO.

Gj =

{
GS2j , OS2j < Oj
Gj, else

(12)

GS2j is the updated location for the jth coati and the ith dimen-
sion of GS2j and the respective objective function is OS2j . The
random number with the duration of 0 and 1 and the iteration
counter is t. the local bottommost and uppermost constraints
of the decision variable are lclocali and uclocali .

D(y, u) =

√√√√ d∑
t=1

(
Yj − Uj

ymax − ymin

)2

(13)

where y and u are the two vector distance is D(y, u). The
minimum and maximum vector values of Y is ymax and
ymin. Based on RL framework, the Q-values are optimized
by introducing ACO algorithm and more effective actions are
selected. Thismodel provided better performances with faster
convergence as well as an optimized Q-values provided an
enhanced learning process.

C. THE ORL MODEL FOR RESOURCE ALLOCATION IN
VANET
The network efficiency enhanced with the resource alloca-
tion in VANETs using Reinforcement Learning and ACO
algorithm. For real-time resource management, the adaptabil-
ity of ACO and strategic decision-making accomplished with
RL. An average network load, traffic patterns, typical road
conditions based channel prioritization included in RL. The
long-term strategies optimized using ACO and to anticipate
resource needs.

Initialize the VANET parameters and nodes. Q-value is
optimized with the usage of ACO algorithm it boosts up the
RL performance more effectively. The ORL training process
directing is the objective function along with better resource
allocation. Optimize the metric severed as the objective func-
tion, which is Q-value [25], [26], [27], [28], [29]. The Critic
validation and Actor’s decision making procedure essence
captured with components. Based on time, the expected
cumulative reward maximization as the actor aim. Following
expression represents the Actor objective function (I (θπ )).
Network conditions like traffic density, channel condition and
vehicle position data collected. The Q-value is selected and
optimized using ACO. The optimized SCI and CCI adjusted
via Q-value.

I
(
θπ

)
= Fπ

[∑∞

t=0
δtRt

]
(14)

where, π (b\d; θπ ) is the policy takes expectations with
action, immediate reward action and reward importance dis-
count factor is represented as bt , Rt and δ. The aim of Critic
in QRL is to adjust both SCI and CCI parameters thereby
enhancing the performance of network. Following formula
shows the Critic objective function (I (θπ )).

I
(
θπ

)
=F

[(
Q

(
dt , bt ; θQ

)
−

(
Rt + δQ

(
dt+1, bt+1; θQ

)))2]
(15)
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The decision-making enhanced with Critic’s feedback and a
cooperative learning process ensured via joint function based
on Critic’s objective. More accurate evaluation is provided
with value function of Critic refines and the higher expected
cumulative rewards led via actions pursued from Actor. The
selected channel access strategy related to data transmission
performed.

I
(
θπ , θQ

)
= I

(
θπ

)
− αI

(
θQ

)
(16)

The trade-off among minimizing difference error and maxi-
mizing expected reward are balanced with the help of hyper
parameter α. Record and observe backoff distribution with
data collisions. Where, θQ and θπ are the parameters during
the training for joint objective function optimization. The
resource allocation in enhanced and optimal Q-values sets are
involved in training process. The actions and reward observes
the parameters are iteratively updated in the process of train-
ing. Reward calculated according to energy efficiency, rate of
collision and data transmissionwith better resource allocation
provided. Proposed ORL model for resource allocation is
outlined in Figure 3.

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS
The proposed technique utilizes the of Simulation of
MATLAB software there by showing better performances of

proposed framework. The traffic parameters used in this study
are enlisted in Table 2.

TABLE 2. Traffic simulation parameters.

A. PERFORMANCE EVALUATION
The performance evaluation of proposed resource alloca-
tion in VANET follows four parameters namely, throughput,
packet delivery ratio, delay (ms), and Collision rate (%).
The performance of the proposed work is compared with
the existing techniques known as HRL [9], QDRL [10],
MRL [11], and DQRNN [13]. Firstly, the throughput of the
proposed and comparative study is deliberately explained
in Figure 4 of graphical representation. Throughput in the
VANET is the estimation of how much data transmitted from

FIGURE 3. Proposed ORL model for resource allocation.
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the source to destination at the given time without any delay.
Since VANET is dynamic in nature the resource allocation
is difficult followed by lower throughput. Sometimes, the
vehicles inside the network changes its direction or slow
down or even faster and the throughput might be reduced
with struggled resource allocation. The proposed approach
robustly maintains the issues and the throughput is higher
when compared to the other techniques such as HRL [9],
QDRL [10], MRL [11], and DQRNN [13]. The throughput
is measured with the number of vehicles and it got reduced
with the increasing number of vehicles as shown in figure 4.
The throughput of proposed technique when the number of
vehicles are 100 is 8.9Mbps. the other techniques such as
HRL [9], QDRL [10], MRL [11], and DQRNN [13] achieved
throughput of 5.8Mbps, 6.4 Mbps, 6.1 Mbps, and 7.0Mbps
correspondingly.

FIGURE 4. Throughput analysis with respect to the number of vehicles.

PDR or Packet Delivery ratio is measured as the data
transmitted from one source vehicle to the destination vehicle
through other intermediate vehicles without any loss. Higher
the PDR represents higher the reliability and efficiency. It also
responsible for the resource allocation and routing protocols
of the VANET networks. The graphical analysis of the PDR
with respect to the number of vehicles is shown in Figure 5.
From the figure, it is observed, the PDR of the proposed work
is higher with 9 value and other techniques such as HRL [9],
QDRL [10], MRL [11], and DQRNN [13] achieved 7.0, 7.3,
7.8, and 8.2 respectively. this ensures the reliability of the
proposed technique when compared to the other techniques.

Delay is measured as the time taken by the vehicles to
transmit the data from the source vehicle to the destina-
tion vehicle. This purely depends on the resources that are
allocated to the vehicles inside the network. Lower delay
determines higher the reliability. The graphical representation
of the proposed work’s delay and other techniques such as
HRL [9], QDRL [10], MRL [11], and DQRNN [13] are
visualized in Figure 6. The delay of the proposed technique

FIGURE 5. PDR analysis with respect to the number of vehicles.

is lower than the other techniques, however, it increases with
the increasing number of vehicles. The delay of the proposed
work is 4mswhen the number of vehicles are equal to 100 and
other techniques showed the delay of 7.8, 6.9, 8.1, and 7.3 ms.

FIGURE 6. Delay with respect to the number of vehicles.

Figure 7 illustrates the graphical illustrations of the colli-
sion rate with respect to the number of nodes. The collision
rate of proposed work is lower than the other techniques such
as HRL [9], QDRL [10], MRL [11], and DQRNN [13]. The
tolerance capacity of the proposed work in terms of channel
intervals and CW is higher and hence mitigates the collision
of vehicles. The collision rate increases with the increasing
number of vehicles and is 6% when the number of vehicles
are 100 as shown in figure. Other techniques such as HRL [9],
QDRL [10], MRL [11], and DQRNN [13] showed the colli-
sion rate of 40.2, 34.5, 32.7, and 25.6 correspondingly.

The comparative tabulation for overall execution time is
outlined in Table 3. The state-of-art like HRL [9], QDRL [10],
MRL [11], and DQRNN [13] with proposed approach is
used for overall execution time analysis. The proposed model
outperformed 3.4s whereas HRL [9], QDRL [10], MRL [11],
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FIGURE 7. Collision rate with respect to the number of vehicles.

and DQRNN [13] provided 13.23s, 27.41s, 14.53s and 9.82s
of execution time. Compared to all other existing methodolo-
gies, the proposed model’s effectiveness in VANET becomes
lower execution time.

TABLE 3. State-of-art comparison for overall execution time.

FIGURE 8. Network overhead with respect to the number of vehicles.

Figure 8, illustrates the visual diagram of the proposed and
other techniques such as HRL [9], QDRL [10], MRL [11],
and DQRNN [13] with respect to network overhead and
number of vehicles. The network overhead of proposed work
when the number of vehicles equal to 100 is 26,000 and
other techniques HRL [9], QDRL [10], MRL [11], and
DQRNN [13] showed network overhead of 50,000, 55,000,

43,000 and 35,000 respectively as shown in Figure 8. The
proposed work surpasses all the other techniques.

V. CONCLUSION
Multiple automobiles link autonomously to the network
through wireless technologies to form VANET. DSRC rou-
tinely transfers data at speeds of more than several hundred
kbps over the 5 GHz range. This work presented a novel
optimized reinforcement learning for resource allocation in
VANET.Due to an optimizedQ-values, real-time adjustments
via network performance enhanced. Minimizing collisions
and enhancing the efficiency of data transmission. Backoff
time optimized with network resource ensured with more
effective. Based on channel access strategies, more efficient
decision making by utilizing optimized Q-value with the help
of ACO algorithm. MATLAB software handles the experi-
mental implementation and reveals the efficiency of proposed
with comparative approaches. Compared with existing meth-
ods, the experimental outputs demonstrated enhanced results
in the efficiency of data transmission and resource alloca-
tion. According to real-word vehicular networks, VANET
performances enhanced and efficacy of ORL model validates
implementation and its shows the potential to practical appli-
cations. When compared with existing HRL, QDRL, MRL
and DQRNN, the proposed method outperformed 4ms delay,
9% of PDR, 8.9Mbps throughput and 6% rate of collision.
The proposed method met the challenges of computational
complexity, scalability, communication overhead and hard-
ware limitations.
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