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Abstract

This paper proposes an enhanced version of the AODV routing protocol for
Vehicular Ad Hoc Networks (VANET), based on the integration of advanced
link quality metrics and an intelligent classification model called LSENN (Link
State Estimation Neural Network). Unlike conventional AODYV, which relies
mainly on hop count, the proposed approach incorporates physical-layer pa-
rameters such as inter-vehicle distance, vehicle speed, RSSI (Received Signal
Strength Indicator), and OFDM (Orthogonal Frequency Division Multiplexing)
decoding error to better assess link reliability. The LSENN model classi-
fies links into three states: connected, transitional, and disconnected, enabling
more informed and reliable routing decisions. Simulation results demonstrate
that AODV-LSENN significantly improves packet delivery ratio, reduces end-
to-end delay, and lowers jitter, particularly in low to medium density net-
work scenarios. However, performance gains become limited in high density
scenarios due to increased channel congestion and MAC-layer collisions.
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1 Introduction

The increasing occurrence of traffic congestion and road accidents in recent years
has motivated the development of more efficient routing protocols for Vehicular Ad
Hoc Networks (VANET). These protocols must ensure the reliable and timely dis-
semination of critical information, such as hazard warnings, accident notifications,
and traffic conditions, among vehicles (V2V) as well as between vehicles and road-
side infrastructure (V2I). However, VANET are characterized by several challenging
constraints, including [1, 2]:

¢ High node mobility.
e Highly dynamic network topology.
¢ Significant variability of the wireless communication channel.

These characteristics frequently lead to communication link instability and route
disruptions. Therefore, it is essential to design routing protocols capable of predicting
link stability and selecting robust routes in real time.

In this context, this paper proposes an enhancement of the AODV routing pro-
tocol through the integration of link quality metrics combined with an intelligent
link classification model, referred to as the Link State Estimation Neural Network
(LSENN) [3]. The proposed approach aims to improve route reliability and network
performance by incorporating physical-layer information into the routing decision
process, thereby enabling more accurate link quality assessment and proactive route
management in highly dynamic VANET environments.

The rest of this article is organized as follows: Section 2 summarizes some meth-
ods found in the literature on improving the AODV protocol. Section 3 presents the
basic principles of the proposed protocol. Section 4 describes the improvement of
the LSENN model for adaptation to dynamic environments, and Section 5 presents
the routing procedure of AODV-LSENN. Section 6 provides a detailed description
of simulation results obtained using the NS-3 simulator. Finally, Section 7 concludes
the article.

2 Related Work

Numerous studies have focused on improving the performance of the AODV pro-
tocol in VANET. A first category of approaches integrates link quality metrics into
routing decisions. The Expected Transmission Count (ETX) metric was introduced
as a high throughput routing metric for wireless multi-hop networks and has been
widely adopted to improve reliability [4]. Several AODV variants incorporating ETX
or LET (Link Expiration Time) based metrics have demonstrated improvements
in packet delivery ratio (PDR), throughput, and end-to-end delay by selecting more
stable communication links [5, 6]

A second category aims to reduce routing overhead and mitigate the broadcast
storm problem associated with Route Request (RREQ) flooding. Protocols such as
AODV _EXT introduce adaptive rebroadcast mechanisms based on local network
density, reducing unnecessary transmissions and improving scalability in dense ad
hoc networks [7].



Other works have explored the integration of intelligent decision-making tech-
niques into routing protocols. Learning Automata-based approaches dynamically
adapt forwarding decisions according to network conditions, improving Quality of
Service (QoS) and reducing transmission delays [8].

Bio-inspired routing methods have also attracted attention. Ant Colony Opti-
mization (ACO) techniques have been applied to AODV to improve path selection
based on route quality and stability, leading to more robust routing behavior in highly
dynamic environments [9].

In addition, several studies have investigated MAC-layer enhancements for IEEE
802.11p VANET communications. Contention window optimization and adaptive
MAC mechanisms have been shown to reduce latency and improve packet reception
probability in urban vehicular scenarios [10].

Finally, comprehensive surveys have analyzed the different families of AODV en-
hancements, including link quality aware, energy aware, security oriented, and QoS
oriented protocols [11, 12].

These studies generally conclude that routing performance in dynamic vehicular
environments can be significantly improved through the integration of advanced link
quality metrics and adaptive mechanisms.

3 Proposed Method: AODV-LSENN Routing Protocol

This work proposes an enhanced version of the AODV routing protocol, referred to as
AODV-LSENN (Link State Estimation Neural Network), designed to overcome
the limitations of conventional AODV through intelligent link quality estimation
based on artificial neural networks.

Unlike the traditional AODV protocol, which primarily relies on the hop-count
metric for route selection [13], the proposed AODV-LSENN protocol adopts an adap-
tive routing strategy that incorporates multiple physical-layer metrics to improve
route reliability, stability, and overall communication performance in Vehicular Ad
Hoc Networks.

The proposed approach consists of four main components: continuous physical-
layer monitoring, link State classification using LSENN, proactive link management,
and adaptive learning mechanism.

3.1 Continuous Physical-Layer Monitoring

The first component of AODV-LSENN continuously collects real-time information
from the IEEE 802.11p physical layer. The monitored parameters include:

Received Signal Strength Indicator (RSSI).

Inter-vehicle distance.

Relative vehicle speed.

OFDM decoding error (Error _Pr (Preamble Decoding Error) and Error_Pa (Pay-
load Decoding Error)).
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These metrics provide an accurate description of the current communication con-
ditions and are used to evaluate the quality and stability of wireless links between
neighboring vehicles.

3.2 Link state classification using LSENN

The collected physical-layer metrics are processed by a neural network model called
LSENN. The objective of this model is to classify each communication link into one
of the following three states:

® Connected: stable and reliable link.
¢ Transient: potentially unstable link.
® Disconnected: unreliable link likely to fail.

The LSENN model exploits machine learning techniques to discover complex
relationships among link quality metrics and predict the future state of communica-
tion links. This intelligent classification mechanism enables the routing protocol to
make more informed forwarding decisions by prioritizing reliable links and avoiding
unstable ones.

3.3 Proactive link management

Unlike conventional AODV, which reacts only after a link failure occurs [13], AODV-
LSENN incorporates a proactive route maintenance mechanism. When the LSENN
model predicts that a link is transitioning toward an unstable state, the protocol
generates an early warning and initiates preventive actions. This mechanism allows:

® Avoiding degraded communication links.

® Activating alternative routes before link failure.

® Reducing route breakages and packet losses.

® Improving routing continuity in highly dynamic VANET environments.

Such proactive behavior is particularly important in VANETSs due to frequent
topology changes caused by vehicle mobility.

3.4 Adaptive learning mechanism

To cope with rapidly changing network conditions, the LSENN model is continu-
ously updated during network operation. This online learning capability enables the
model to:

e Adapt to topology changes caused by vehicle mobility.
® ] earn from newly observed communication patterns.
® Adjust to varying traffic conditions.
® Improve classification accuracy over time.
Consequently, the routing protocol remains effective under different VANET
scenarios and network densities.



4 LSENN Model Architecture and Parameter
Configuration

Several modifications were made to the LSENN model in order to adapt it to the sim-
ulation context and provide real-time estimation of link states to the routing protocol,
thereby enabling better decision-making. We also replaced the learning type with re-
inforcement learning, allowing the model to progressively improve its classification
capabilities through continuous interaction with the environment.

The activation function of the hidden layer was replaced with the ReLU (Rectified
Linear Unit) function, which provides better performance than the sigmoid function
in terms of convergence and accuracy. However, the softmax function was retained in
the output layer. After extensive experimentation with different network architectures
and training parameters.

The final LSENN configuration summarized in Table 1 was selected.

Parameter Value
Number of input neurons 5
Number of output neurons 3
Number of hidden layers 3
Neurons per hidden layer 38
Hidden activation function ReLU
Output activation function Softmax
Cost function Cross-Entropy

Table 1 LSENN Model Configuration

5 Routing Procedure of AODV-LSENN

The routing process is divided into three major phases:

5.1 Link Quality Estimation

Whenever a node receives a packet, it extracts information about its neighboring
nodes, including RSSI, distance, relative speed, and OFDM decoding error. These
measurements are fed into the LSENN model, which estimates the current state of
each communication link. The extracted metrics are widely recognized as indicators
of link quality and stability in highly dynamic wireless environments.

The proposed link-quality estimation phase is described by Algorithm 1 and
Algorithm 2.
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Algorithm 1 Physical Layer Monitoring Phase

Require: Vehicular network topology
Ensure: Feature vectors X(i, j)
1. for each node i do

2:

10:

3
4
5
6:
7
8
9

for each neighboring node ;j do

Collect:

RSSI(, j)

Distance d(i, j)

Relative speed v(i, j)

OFDM decoding errors Error_Pr and Error_Pa

Construct feature vector:

X(@, j)={RSS1,d,v, Error_Pr, Error_Pa}

end for

11: end for

Algorithm 2 Link Quality Estimation Using LSENN

Require: Feature vector X(i, j)
Ensure: Link state State(i, j)
1: for each link (i, j) do

2:

9:

State(i, j) < LS ENN(X(, j))
if State(i, j) = 1 then

Link State «— CONNECTED
else if Srate(i, j) = 2 then

Link State «— TRANSIENT
else

Link State «— DISCONNECTED
end if

10: end for

> Link classification

5.2 Route Discovery

When a source node needs to communicate with a destination and no valid route
exists, it initiates a route discovery process by broadcasting a Route Request (RREQ)
packet according to the AODV procedure.

the incoming link using the LSENN model:

e Links classified as disconnected or transient are discarded.

Upon receiving an RREQ packet, each intermediate node evaluates the quality of

® Links classified as connected are considered eligible and the RREQ is forwarded.

The destination node (or an intermediate node possessing a valid route) generates

a Route Reply (RREP) packet. If multiple routes are available, the source node selects
the optimal route according to the following criteria:

1. Highest link-quality level (connected ).
2. Minimum hop count in case of equal link quality.



The route discovery phase of the proposed AODV-LSENN protocol is presented
in Algorithm 3.

Algorithm 3 Route Discovery Phase
Require: Source node S, Destination node D, Link states estimated by LSENN
Ensure: Optimal route between S and D
1: if node S needs to communicate with node D and no valid route exists then
2: S broadcasts a Route Request packet

3 for each intermediate node i receiving the RREQ do

4 State(i, j) «— LSENN(X(, j))

5 if State(i, j) = DISCONNECTED or State(i, j) = TRANSIENT then
6: Discard the RREQ

7 else

8 Forward the RREQ

9 end if

10: end for

11: end if

5.3 Route Maintenance

During data transmission, nodes continuously monitor the state of active links using
HELLO, RREQ, RREP, and data packets. When a link is classified as disconnected
or transient, the protocol:

® Generates a Route Error (RERR) message.
e Activates an alternative route if available.
® Otherwise initiates a new route discovery process.

This proactive maintenance strategy significantly reduces route interruptions and
improves communication reliability in VANET environments. The details of the route
maintenance phase are presented in Algorithm 4.



Algorithm 4 Route Maintenance Phase
Require: Active routes and link states estimated by LSENN
Ensure: Updated and reliable routing paths

1: for each active link (i, j) do

2: Periodically update:

3: State(i, j) < LSENN(X(, j))

4: if State(i, j) = DISCONNECTED or S tate(i, j) = TRANSIENT then
5: if an alternative route exists then

6: Activate the alternative route

7: else

8: Initiate a new route discovery process

9: end if

10: end if

11: end for

6 Performance Evaluation Metrics

To assess the effectiveness of the proposed AODV-LSENN routing protocol and com-
pare it with the conventional AODV protocol, several standard Quality of Service
(QoS) metrics commonly used in VANET performance evaluation are considered.
These metrics provide quantitative measurements of routing reliability, efficiency,
and communication stability.

6.1 Packet Delivery Ratio (PDR)

The Packet Delivery Ratio (PDR) represents the percentage of successfully received
packets relative to the total number of transmitted packets. It is one of the most impor-
tant indicators of routing reliability and network performance. The PDR is calculated
as follows 1. N
PDR = ™= x 100 (1)
sent
where:

® Nen:: 1s the total number of transmitted packets.
® N, 1s the total number of successfully received packets.

A higher PDR indicates a more reliable routing protocol and better network connec-
tivity.

6.2 Packet Loss Ratio (PLR)

The Packet Loss Ratio (PLR) measures the percentage of packets that fail to reach
their destination during transmission. This metric reflects the impact of link failures,
interference, collisions, and routing disruptions on network performance [9], [11].
The PLR is defined as follows 2.

PLR = Nsent - Nrecv (2)
Nsent



Since PLR and PDR are complementary metrics, PLR can also be expressed as
shown in Equation 3.

PLR(%) = 100 — PDR(%) 3)
Or, when the PDR is normalized, as shown in Equation 4.

PLR =1- PDR €]

A lower PLR value indicates better routing efficiency and link reliability.

6.3 End-to-End Delay

The End-to-End Delay corresponds to the average time required for a packet to travel
from the source node to the destination node. This metric includes all delays expe-
rienced during packet transmission, such as route discovery delays, queuing delays,
propagation delays, processing delays, and retransmission delays. It is computed as
shown in Equation 5

N
1
Dpop = N ; (trecv,i - tsent,i) (5)

where:

® N is the total number of successfully received packets;
® fent; 1S the transmission time of packet i;
® fecv,i 1S the reception time of packet i.

Lower delay values indicate faster packet delivery and better network responsiveness.

6.4 Average Jitter

Jitter represents the variation in packet delay between consecutive packets. It is
a critical metric for evaluating communication stability, especially for real-time
and safety-critical VANET applications such as collision avoidance and emergency
message dissemination. The average jitter is computed as shown in Equation 6.

N
1
Jayo = —— E D; - D;_ 6
avg N -1 i=2| 1| ()
where:

® N is the total number of received packets;

® D; is the end-to-end delay of packet i;

® D;_; is the end-to-end delay of the previous packet;

® |D; — D;_;| denotes the delay variation between two consecutive packets.

A lower jitter value indicates more stable packet transmission and better Quality of
Service (QoS).
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7 Simulation Setup

7.1 Simulation Environment and Tools

The simulation framework adopted in this study is based on a clear separation be-
tween the network simulation layer and the machine learning module. This modular
architecture facilitates the development, validation, and performance evaluation of
the proposed AODV-LSENN routing protocol while ensuring the reproducibility
of experimental results. The main components of the simulation environment are
described below.

7.1.1 NS-3.40 Network Simulator

The NS-3.40 network simulator is used to implement the VANET scenario and eval-
uate the routing performance under realistic vehicular communication conditions.
NS-3 provides detailed models of network protocols and wireless communication
technologies, making it one of the most widely used simulators for VANET research
[14, 15]. The simulator is used to model:

Vehicular nodes.

Road Side Units (RSUs).

IEEE 802.11p wireless communications.

The AODV routing protocol.

Vehicular mobility and wireless channel propagation.

NS-3 provides a realistic environment for evaluating routing performance while
accounting for both physical-layer and MAC-layer characteristics.

7.1.2 OpenAl Gym Platform

The OpenAl Gym platform is employed to integrate the learning module into the
routing process. OpenAl Gym is an open-source framework widely used for machine
learning and reinforcement learning applications [16]. In the proposed architecture:

® A neural network based agent (LSENN) receives link quality metrics as inputs,
including RSSI, inter-vehicle distance, relative speed, and OFDM decoding errors.

¢ The model performs inference to classify the current state of communication links.

® The generated outputs correspond to link-quality labels (Connected, Transient, or
Disconnected).

® A reward mechanism based on classification accuracy is used.

® The model parameters are continuously updated through online learning.

7.1.3 ns3-gym Interface

The ns3-gym framework provides a seamless interface between NS-3 and OpenAl
Gym [17]. It enables:

® The transmission of network measurements generated by NS-3 to the LSENN
model.
® The integration of machine-learning decisions into the routing process.
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® The synchronization of network simulation and learning operations.

This interaction is essential for implementing an intelligent routing mechanism
capable of adapting to dynamic VANET environments.

7.2 Simulation Scenario

To evaluate the performance of the proposed AODV-LSENN protocol, simulations
are conducted in a realistic urban Manhattan-grid scenario, which is widely used in
VANET studies due to its ability to accurately reproduce urban traffic conditions [18].
The simulated environment is characterized by:

® High vehicle density.

® Multiple road intersections.

Building-induced obstacles.

Complex radio propagation conditions.

Frequent topology changes due to vehicle mobility.

Such a scenario provides a challenging environment for evaluating routing protocols
under realistic VANET operating conditions.

7.3 Simulation Parameters

The simulation parameters used throughout the experiments are summarized in Table
2.

Parameter Value

Simulation time 150 s

Number of vehicles 10, 20, 40, 60, 80

MAC protocol IEEE 802.11p

Propagation model Path Loss, Shadowing, Fast Fading, Doppler
Vehicle speed 5-20 m/s

Simulation area 500 x 500 m?

Packet size 256 Bytes

HELLO interval 1s

Packet transmission interval | 0.5 s

Table 2 Simulation parameters

8 Simulation Results

8.1 Packet Delivery Ratio (PDR)

Figure 1 illustrates the variation of PDR as a function of network density for both
AODV-LSENN and conventional AODV.
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Figure 1 Comparison of the packet delivery ratio as a function of the number of nodes

For a low-density scenario (10 vehicles), both protocols achieve high delivery
rates. AODV-LSENN attains a PDR of 100%, whereas conventional AODV achieves
95.03%. This improvement can be attributed to the LSENN model’s ability to identify
and select more stable communication links.

As network density increases to a medium level (40 vehicles), the superiority of
AODV-LSENN becomes more evident. The proposed protocol achieves a PDR of
83.87%, compared with 65.46% for AODV. This significant gain results from the
neural-network-based link-quality estimation mechanism, which enables the routing
protocol to select more reliable routes and avoid unstable links. Consequently, packet
losses and route failures are substantially reduced.

In high-density scenarios (80 vehicles), the performance of both protocols de-
creases due to increasing network congestion. AODV-LSENN achieves a PDR of
52.61%, while AODV reaches 49.48%. The reduction in delivery performance is
mainly caused by channel contention, packet collisions at the IEEE 802.11p MAC
layer, and radio channel saturation.

Overall, the results demonstrate that integrating an intelligent link-quality pre-
diction mechanism significantly enhances routing performance, particularly un-
der medium-density VANET conditions. Although the performance gains become
smaller at very high densities, AODV-LSENN consistently outperforms conventional
AODV.

8.2 Packet Loss Ratio (PLR)

Figure 2 presents the Packet Loss Ratio obtained for both AODV and the proposed
AODV-LSENN protocol under different network densities.
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Figure 2 Comparison of the packet loss ratio as a function of the number of nodes

The results indicate that the PLR increases as the number of vehicles grows
for both protocols. This behavior is expected because higher node density leads to
increased channel contention, packet collisions, and interference in IEEE 802.11p
networks .

However, AODV-LSENN consistently achieves a lower PLR than conventional
AODV. The difference is particularly noticeable for medium-density scenarios
(20-40 vehicles), where the LSENN model efficiently identifies stable links and
avoids unreliable routes. As a result, packet drops caused by frequent link failures
are significantly reduced.

For high-density scenarios (60—-80 vehicles), the PLR increases substantially for
both protocols due to:

® channel congestion.
® MAC-layer collisions in IEEE 802.11p.
® wireless medium saturation.
® increased routing overhead.

Nevertheless, AODV-LSENN maintains a lower packet loss rate because its neu-
ral network based link quality estimation enables more reliable route selection and
proactive route maintenance.

8.3 Average End-to-End Delay

Figure 3 illustrates the average delay achieved by AODV-LSENN and the conven-
tional AODV protocol under different network densities.

For a low-density network (10 vehicles), AODV-LSENN achieves a significantly
lower delay of 12.6 ms, compared to 38.98 ms for AODV. This improvement results
from the LSENN model’s ability to select stable communication links and reduce
unnecessary route discoveries and retransmissions.
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Figure 3 Comparison of the average delay as a function of the number of nodes

As network density increases to a medium level (40 vehicles), the performance
gap becomes even more pronounced. The average delay reaches 86.98 ms for
AODV-LSENN, while AODV experiences a delay of 251.11 ms. This substantial
improvement can be attributed to the proactive link management mechanism inte-
grated into AODV-LSENN, which anticipates link failures before they occur and
consequently reduces route reconstruction operations.

Under high-density conditions (80 vehicles), the average delay increases for both
protocols, reaching 305.64 ms for AODV-LSENN and 317.62 ms for AODV. The
degradation is mainly caused by:

® Increased wireless interference.
® Channel congestion.
® MAC-layer packet collisions.
® Longer queuing delays.

Despite these challenging conditions, AODV-LSENN maintains lower latency
thanks to its intelligent link-quality prediction and route-selection strategy.

These results confirm that incorporating machine-learning-based link estimation

into the routing process can significantly reduce communication delays in highly
dynamic VANET environments.

8.4 Average Jitter

Figure 4 illustrates the evolution of average jitter as a function of network density for
both routing protocols.

The results show that jitter increases with network density for both AODV and
AODV-LSENN. This increase is primarily caused by higher channel contention,
MAC-layer collisions, and fluctuations in packet transmission delays.

Nevertheless, AODV-LSENN consistently demonstrates superior stability com-
pared to the traditional AODV protocol. For example, in a medium-density scenario
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Figure 4 Comparison of the average jitter as a function of the number of nodes

(40 vehicles), the average jitter is only 11.88 ms for AODV-LSENN, whereas AODV
exhibits a much higher jitter of 203.68 ms.

This significant improvement is mainly due to the LSENN-based link classifica-
tion mechanism, which:

Selects more stable communication links.
Avoids unreliable routes.

Reduces route breakages

Minimizes packet retransmissions.

Consequently, packet transmission becomes more predictable, resulting in lower
delay variations and improved communication stability.

Overall, the obtained results demonstrate that AODV-LSENN provides more con-
sistent and reliable packet delivery than conventional AODV, making it particularly
suitable for VANET applications that require strict QoS guarantees and low delay
variability.

9 Conclusion

The enhancement of the AODV routing protocol proposed in this paper is based
on the integration of advanced link-quality metrics combined with an intelligent
machine learning based classification model. This approach enables a more accu-
rate assessment of communication link conditions and supports more efficient route
selection in highly dynamic VANET environments.

The simulation results demonstrate that the proposed AODV-LSENN protocol
significantly improves routing performance compared with the conventional AODV
protocol. Notable improvements are observed in terms of Packet Delivery Ratio
(PDR), end-to-end delay, Packet Loss Ratio (PLR), and network stability, as re-
flected by lower jitter values. These performance gains are particularly evident in
low- and medium-density network scenarios, where the proactive prediction of link
degradation helps reduce route failures, packet retransmissions, and route discovery
overhead.
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However, under high-density traffic conditions, the performance of both protocols
is still affected by inherent wireless communication challenges, including channel
congestion, interference, medium contention, and MAC-layer collisions associated
with the IEEE 802.11p standard. Although AODV-LSENN continues to outperform
conventional AODV in such scenarios, the achievable gains become more limited due
to these network constraints.

In summary, the integration of an intelligent link-quality estimation model into
the AODV routing process represents a promising solution for enhancing the relia-
bility, robustness, and efficiency of VANET communications. Furthermore, this work
opens new perspectives for the development of next-generation intelligent routing
protocols that leverage artificial intelligence and deep learning techniques to adapt
dynamically to rapidly changing vehicular network conditions.
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