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ABSTRACT This paper presents ANS-V2X, an Adaptive Network Selection framework tailored for latency-
aware V2X systems operating under varying vehicle densities and heterogeneous network conditions.
Modern vehicular environments demand low-latency and high-throughput communication, yet achieving
real-time network selection is challenging due to diverse application requirements and the coexistence
of multiple Radio Access Technologies (RATs), such as 4G, 5G, and ad hoc links. ANS-V2X employs
a heuristic-driven approach to assign vehicles to networks by considering application sensitivity, latency,
computational load, and directionality constraints. The framework is benchmarked against a Mixed-Integer
Linear Programming (MILP) formulation for optimal solutions and a Q-learning-based method representing
reinforcement learning. Simulation results demonstrate that ANS-V2X achieves near-optimal performance,
typically within 5 to 10% of the utility achieved by MILP-V2X, while reducing execution time by
more than 85%. Although MILP-V2X offers globally optimal results, its computation time often exceeds
100 milliseconds, making it unsuitable for real-time applications. The Q-learning-based method is more
adaptable but requires extensive training and converges slowly in dynamic scenarios. In contrast, ANS-
V2X completes decisions in under 15 milliseconds and consistently delivers lower latency than both
alternatives. This confirms its suitability for real-time, edge-level deployment in latency-critical V2X
systems.

INDEX TERMS V2X communication, adaptive network selection, latency-aware systems, MILP
optimization, Q-learning, heuristic algorithm.

I. INTRODUCTION
The evolution of Intelligent Transportation Systems (ITS) has
made Vehicle-to-Everything (V2X) communication essential
for improving road safety, supporting autonomous mobility,
and enabling infotainment services. V2X includes several
communication paradigms such asVehicle-to-Vehicle (V2V),
Vehicle-to-Infrastructure (V2I), Vehicle-to-Pedestrian (V2P),
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and Vehicle-to-Network (V2N). These modes of communica-
tion collectively contribute to cooperative driving, reduction
of traffic congestion, and delivery of context-aware mobility
and infotainment applications [1]. The effectiveness of
V2X communication relies on low-latency, reliable data
exchange, which is crucial for making real-time decisions in
dynamic traffic environments. Recent advancements in edge
computing and artificial intelligence are further enhancing
the adaptability and responsiveness of V2X systems, as also
discussed in [2]. Advancements in wireless technologies such
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as 5G and the emerging 6G are significantly enhancing V2X
capabilities. However, integrating multiple Radio Access
Technologies (RATs), including Dedicated Short-Range
Communications (DSRC), Cellular V2X (C-V2X), Wi-Fi,
and 5G New Radio (NR)-V2X, introduces challenges related
to latency, mobility, and service reliability. Additionally, the
evolution of V2X has progressed beyond traditional wireless
technologies to incorporate more advanced cellular networks.
5G technology, with its support for ultra-reliable low-latency
communication (URLLC) and enhanced mobile broadband
(eMBB), is well-suited for real-time V2X applications such
as cooperative collision avoidance and vehicle platooning [3].
In the future, 6G networks are expected to further enhance
these capabilities with features such as terahertz communica-
tion and holographic telepresence [4].

Despite these advancements, the integration of diverse
communication technologies presents significant challenges.
V2X systems now rely on a heterogeneous mix of RATs,
including DSRC, C-V2X, Wi-Fi (IEEE 802.11p/ac/ax),
and 5G NR-V2X, each offering different performance
characteristics in terms of coverage, latency, and reliability.
This diversity complicates efforts to ensure seamless and
consistent connectivity, particularly in environments with
fluctuating network conditions [5]. Moreover, the increased
connectivity of vehicles has introduced cybersecurity con-
cerns. As V2X enables critical applications like emergency
vehicle warnings and intersection movement assistance,
safeguarding data integrity and user privacy is paramount [6].
Despite the growing importance of vehicular connectivity in
Vehicular Ad-hoc Networks (VANETs), maintaining stable
and reliable communication remains a significant challenge
due to the inherently high mobility and dynamic topology
of vehicles. These conditions often lead to intermittent
connections, increased latency, and reduced communication
reliability, which in turn hinder the effectiveness of V2X
communications [7].
To address these challenges, an adaptive and efficient

network selection mechanism is essential for ensuring opti-
mal connectivity in dynamic vehicular environments. This
paper focuses on enhancing V2X communication systems
by integrating multiple RATs and developing a framework
that dynamically allocates network resources based on the
specific needs of V2X applications.

A. PROBLEM STATEMENT
The diverse and evolving nature of V2X applications imposes
a wide range of Quality of Service (QoS) requirements.
Safety-critical applications, such as forward collision warn-
ings or emergency braking alerts, demand ultra-low latency
and high reliability. Conversely, infotainment applications
prioritize high bandwidth and sustained throughput. Tradi-
tional static or rule-based network selection fails to meet
the dynamic QoS demands in V2X environments. This
leads to suboptimal application performance, especially in
high-mobility and variable-density scenarios.

An adaptive, real-time, application-aware network selec-
tion mechanism is essential to ensure seamless V2X
communication. This paper proposes ANS-V2X to bridge
this gap by selecting networks based on latency sensitivity,
application type, network condition, and mobility context.

B. MOTIVATION
The motivation for this work stems from the growing neces-
sity of adaptive connectivity in the V2X domain. To support
autonomous mobility and improve safety, an efficient and
reliable network selection framework must be capable of
managing not only signal strength and coverage but also
factors such as vehicular mobility, application urgency, and
network congestion. The dynamic nature of vehicular envi-
ronments, particularly with vehicles transitioning between
various network coverage zones, necessitates a system that
can respond in real-time to ensure continuous, reliable com-
munication. By developing a network selection framework
that prioritizes low-latency connectivity for safety-critical
services and high-bandwidth access for infotainment, this
work aims to ensure optimal connectivity and improved
V2X performance. This adaptive approach will be essential
for the scalability of autonomous mobility systems and the
successful deployment of V2X infrastructure in real-world
applications.

C. CONTRIBUTIONS
This work addresses the challenges associated with dynamic
and application-aware network selection in V2X commu-
nication systems. A major contribution is the development
of a unified framework that integrates heterogeneous RATs,
including DSRC, Long-Term Evolution (LTE), and 5G NR.
Such integration enhances spectral efficiency, improves link
reliability, and extends connectivity in diverse vehicular
scenarios. In addition, the proposed framework adopts an
application-aware and adaptive network selection strategy,
where the most suitable network is chosen based on real-time
assessment of application requirements, such as those
needed for safety versus infotainment, along with current
network conditions. This ensures that QoS is maintained in
a context-sensitive manner. Unlike many previous studies
that assume vertical handover without explicitly address-
ing its complexities, this work incorporates a mechanism
that enables seamless inter-RAT handovers, accounting for
latency overhead andminimizing packet loss during mobility.
Moreover, the proposed ANS-V2X algorithm addresses the
heterogeneous demands of V2X applications by dynamically
aligning service priorities with available network capabilities,
delivering robust and efficient connectivity under varying
network and vehicular conditions.

The rest of the paper is organized: Section II presents
relevant literature, while Section III outlines the detailed
problem definition. Section IV introduces the system model.
Section V encompasses the problem formulation and dis-
cusses the simulation results. Finally, Section VI concludes
the paper.
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II. LITERATURE REVIEW
Recent advancements in V2X communications have attracted
considerable attention as vehicles progress towards greater
autonomy and interconnectivity. One of the key challenges
in this domain is ensuring seamless, reliable, and efficient
communication in dynamic vehicular environments. This
challenge has led to numerous studies exploring various
aspects of V2X, including radio access technology integra-
tion, network selection mechanisms, and QoS optimization.

V2X communications leverage a variety of RATs, each
offering distinct capabilities and trade-offs. While IEEE
802.11p-based DSRC has been used for its low-latency, peer-
to-peer nature, its limitations in scalability and reliability
under dense traffic conditions have driven a shift toward C-
V2X, which employs LTE and 5GNR for enhanced coverage,
quality of service, and centralized coordination [8]. With the
advent of 5GNR, particularly from 3GPPRelease 16 onward,
features such as URLLC, sidelink communications, and
network slicing have enabled differentiated service levels
for safety-critical and infotainment V2X applications [9].
These enhancements have positioned C-V2X as a core
enabler of advanced vehicular use cases. Looking ahead,
6G is expected to deliver transformative capabilities, such
as integrated sensing and communication (ISAC), joint
communication-computation paradigms, and holographic-
type communications, which will further increase network
complexity and raise the bar for dynamic resource and RAT
management [10].

Traditional network selection approaches in vehicular
environments have largely relied on static policies or simple
metrics such as Received Signal Strength Indicator (RSSI),
which fall short in dynamic scenarios where network
conditions and application demands fluctuate rapidly [11].
Recent research has explored context-aware and adaptive
network selection mechanisms that consider a broader
set of parameters, including application type, vehicular
speed, latency requirements, and network load. Multi-
Criteria Decision-Making (MCDM) techniques, such as the
Analytic Hierarchy Process (AHP), TOPSIS, and variants
of fuzzy logic, have been utilized to prioritize network
selection metrics dynamically [12], [13]. However, these
techniques are often computationally intensive and may lack
the responsiveness required for real-time vehicular mobility.

Vertical handover, defined as the transition between
heterogeneous RATs (e.g., from DSRC to C-V2X), is a key
mechanism for ensuring continuous and reliable connectivity
in V2X. Several mobility-aware handover strategies have
been proposed that use GPS trajectory prediction, link
quality estimation, and predictive analytics to optimize
handover timing and reduce service disruption [14]. Despite
these advances, challenges remain in achieving seamless,
low-latency handovers at high vehicular speeds without
compromising packet delivery or application QoS.

Security and privacy remain critical considerations
in network selection, especially as V2X expands into
safety-critical applications. Cryptographic frameworks,

identity-based authentication, and trust models have been
developed to protect vehicular communication from spoof-
ing, replay attacks, and unauthorized access [15]. Yet, these
security mechanisms often operate independently of the
underlying network selection logic, leading to a lack of
coordination between connectivity management and security
provisioning.

The trend toward heterogeneous network integration
is accelerating, with recent studies investigating coopera-
tive perception, edge-assisted offloading, and AI-enhanced
communication strategies. Emerging techniques such as
semantic-aware data transmission, ISAC, and generative
models for adaptive compression are being explored to
support bandwidth-efficient and resilient V2X services [16].
Nonetheless, most existing approaches focus on improv-
ing communication or perception independently, while the
challenge of real-time, application-aware, and seamless
network selection across diverse RATs remains inade-
quately addressed. While 3GPP Release 16 standards
have introduced multi-connectivity and resource alloca-
tion mechanisms, they lack the real-time responsiveness
and context-aware optimization required for diverse V2X
applications. Therefore, despite substantial advancements
in V2X connectivity, the literature still lacks a cohesive
solution that combines multi-RAT integration, real-time
adaptability, application sensitivity, and seamless vertical
handovers.

Table 1 summarizes key studies in the field of V2X com-
munications, with a focus on application-aware adaptive net-
work selection, vertical handovers, and real-time adaptability.
Additionally, it summarizes key limitations of recent works,
highlighting the need for an adaptive and real-time V2X
connectivity framework. The studies are evaluated based on
several critical factors, including the type of communication
technologies used (e.g., DSRC, C-V2X, 5G NR), the support
for safety and infotainment applications, and the presence of
mechanisms for vertical handovers and real-time adaptability.
This comparative analysis helps to highlight the existing gaps
in the literature and motivates the proposed work, which aims
to address these challenges by introducing an adaptive net-
work selection framework for seamless V2X communication.
Recent studies have explored AI-based and optimization-
driven solutions for network selection in V2X and edge
computing systems. For instance, [17] proposes a robust
decision framework under uncertain vehicular dynamics,
while [18] uses deep reinforcement learning for access selec-
tion in multi-RAT vehicular environments. Other works, such
as [19] incorporate mobility prediction into network handoff
decisions to improve stability and performance. Compared to
these approaches, ANS-V2X emphasizes low-latency, real-
time adaptability without requiring pretraining or heavy
computation.

A. RESEARCH GAPS
Despite advancements in V2X communications, a unified
framework that integrates heterogeneous RATs, supports
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TABLE 1. Updated summary of literature and research gaps in application-Aware V2X connectivity.

real-time, application-aware network selection, and ensures
seamless vertical handovers is still lacking. Most existing
approaches are narrow in scope, focusing on individual
protocol layers (e.g., physical or network) and exhibiting lim-
ited scalability in dynamic, resource-constrained vehicular
environments.

Key research gaps include:
• Integration of Heterogeneous RATs: Few solutions
effectively integrate technologies such as DSRC, C-
V2X, and 5G to adapt to diverse network conditions and
application requirements.

• Real-time Application-Aware Network Selection: Exist-
ing methods cannot typically dynamically respond to
real-time application demands, especially when priori-
tizing safety-critical services over infotainment.

• Seamless Vertical Handover: While vertical handovers
across multiple RATs have been explored, challenges
remain in ensuring fast and lossless transitions, particu-
larly when balancing latency-sensitive and throughput-
intensive services.

• Scalability and Adaptability: Existing frameworks often
lack robustness in handling fast-changing topologies and
network variability in highly mobile, resource-limited
V2X environments.

The proposed work aims to address these gaps by
offering a unified framework that dynamically evaluates
vehicular application requirements and network conditions.
This framework performs intelligent resource allocation
across DSRC, LTE, 5G NR, and Wi-Fi networks, ensuring
robust, low-latency connectivity for safety-critical services
while providing high-throughput access for infotainment
applications. By incorporating adaptive decision-making
and seamless handover mechanisms, the proposed solution
enhances the continuity and reliability of V2X communica-
tion, which is critical for next-generation autonomous and
connected mobility systems. To bridge these gaps, there
is a need for a lightweight, adaptive network selection
framework that ensures context-aware, low-latency connec-
tivity while supporting seamless vertical handovers across
heterogeneous access technologies.

III. SYSTEM MODEL AND PROBLEM FORMULATION
The framework illustrated in Figure 1 represents the
heterogeneous V2X communication environment targeted
in this work. It comprises multiple communication
paradigms, including Vehicle-to-Vehicle (V2V), Vehicle-
to-Infrastructure (V2I), Vehicle-to-Pedestrian (V2P), and
Vehicle-to-Network (V2N) links. Each mode supports
specific types of data exchanges critical for vehicular safety,
trafficmanagement, and infotainment. The proposed resource
allocation model, formulated as an integer optimization
problem and solved using a branch-and-bound-basedmethod,
is integrated within this broader V2X landscape. Although
the figure shows all V2X components for completeness, the
optimization mechanism focuses specifically on the dynamic
selection and allocation of communication resources for
safety and infotainment services delivered over multiple
available wireless networks. This holistic view highlights
the interaction among different V2X entities, emphasizing
the system-level significance of optimal service distribution
across heterogeneous links.

In vehicular networks, vehicles often operate within the
overlapping coverage areas of multiple heterogeneous wire-
less networks, such as LTE (4G), 5G, and ad hoc networks
(e.g., DSRC or Wi-Fi-based VANETs). These networks
differ in terms of coverage area, bandwidth, latency, signal
strength, and computational resources. Selecting the optimal
network for V2X communication is crucial, particularly for
supporting diverse applications with varying QoS require-
ments. For instance, safety-critical applications like collision
avoidance demand low latency and high reliability, while
infotainment services (e.g., video streaming) require high
throughput.

The primary research challenge lies in dynamically assign-
ing the most suitable network to each vehicle in real-time,
given the fluctuating availability of resources and mobility of
vehicles. This research aims to formulate and solve a joint
optimization problem that selects the optimal network for
each vehicle, minimizing the total data dissemination time
across all vehicles, while satisfying resource, directionality,
power, and QoS constraints.
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FIGURE 1. System model of the V2X communication paradigm showing V2V, V2I, V2P, and V2N interactions for seamless connectivity
across heterogeneous networks.

Let V = 1, 2, . . . ,V be the set of vehicles, and
N = 1, 2, . . . ,N be the set of candidate networks, where
i = 0 represents the currently connected network prior
to any reassignment. Define the binary decision variable
αij ∈ 0, 1 to indicate whether vehicle νj is assigned to
network ni.

A. OBJECTIVE FUNCTION
The objective is to minimize the total data dissemination time
for all vehicles:

min
α,b,f

V∑
j=1

Tj (1)

where Tj is the dissemination time for vehicle νj, defined
as:

Tj =
N∑
i=0

αijTij (2)

Here, Tij is the total delay experienced by vehicle νj when
connected to network ni, given by:

Tij = T trans
ij + T comp

ij + T handover
ij (3)

The transmission time T trans
ij , computation time T comp

ij , and
handover delay T handover

ij are computed as:

T trans
ij =

sj
rij
+1i +

Pidleij · σ + P
c
ij · T

c
ij

Psij
(4)

T comp
ij =

cj
fij

(5)

A switching delay term T handover
ij is included if vehicle

νj switches from its current network to ni. This models the
inter-RAT switching latency and is defined by a Gaussian
distribution with a mean of 20 ms and a 5 ms standard
deviation [22]. If no network change occurs (i.e., when i = 0),
then T handover

ij = 0.
Substituting (4) and (5) into (3), we get:

Tij =
sj
rij
+1i +

Pidleij · σ + P
c
ij · T

c
ij

Psij
+
cj
fij
+ T handover

ij (6)

Thus, the objective function becomes:

min
αij,bij,fij

V∑
j=1

N∑
i=0

αij

(
sj
rij
+1i︸ ︷︷ ︸

Transmission time

+
Pidleij · σ + P

c
ij · T

c
ij

Psij︸ ︷︷ ︸
Power-Induced time

+
cj
fij︸︷︷︸

Computation time

+ T handover
ij︸ ︷︷ ︸

Handover delay

)

(7)

where:
• sj: Data size of vehicle νj (in bits).
• rij: Data rate between vehicle νj and network ni.
• 1i: Network latency.
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• Pidleij : Idle power consumption of network ni with vehicle
νj.

• Pcij: Computational power of network ni.
• T cij : Computation time at network ni.
• Psij: Stable transmission power.
• cj: Computational workload required by vehicle νj.
• fij: Computation capacity of network ni assigned to
vehicle νj.

• T handover
ij : Handover latency when switching from the

current network to ni.

B. CONSTRAINTS
1) BANDWIDTH CONSTRAINT

V∑
j=1

αijbij ≤ Bi, ∀i ∈ N (8)

The bandwidth constraint ensures that the sum of the band-
width requirements for each vehicle to connect to a specific
network does not exceed the total available bandwidth of that
network. Bi denotes the total available bandwidth in network
ni, representing the maximum bandwidth the network can
provide for all connected vehicles. bij is the bandwidth
required for vehicle νj to connect to network ni.

2) NETWORK SELECTION CONSTRAINT
Each vehicle must be connected to one network at a time, and
the total sum of binary variables αij over all networks should
not exceed one. This constraint ensures that each vehicle
connects to at most one network:

N∑
i=0

αij = 1, ∀j ∈ V (9)

where V is the set of vehicles and N represents the total
number of available networks.

3) COMPUTATION CAPACITY CONSTRAINT
For each network, the total computation load across all
connected vehicles must not exceed the network’s available
computational capacity. This is represented as:

V∑
j=1

αijfij ≤ Fmax
i , ∀i ∈ 0, 1, . . . ,N (10)

where fij denotes the computational load for vehicle νj
connected to network ni, and Fmax

i is the maximum
computational capacity of network ni.

4) DIRECTIONAL CONSTRAINT
Let Lv and Ln be the position vectors of vehicle νj and network
ni, respectively. Define the direction vector d⃗ij = Ln−Lv, and
let v⃗j be the vehicle’s heading direction. The angular deviation
θ ij must satisfy:

θij = cos−1
(

d⃗ij · v⃗j

|d⃗ ij| · |v⃗j|

)
≤ θTH (11)

5) POWER CONSTRAINT
A vehicle can only connect to a network if the received signal
strength (RSS) meets a predefined threshold for reliable
communication. This constraint is expressed as:

Pijαij ≥ PTH, ∀i, j (12)

where Pij is the received power from network ni at vehicle
νj, and PTH is the minimum threshold for received signal
strength.

6) SINR CONSTRAINT
The Signal-to-Interference-plus-Noise Ratio (SINR) must
exceed a threshold for reliable communication. This con-
straint ensures that the SINR at vehicle νj from the network
ni is sufficiently high:

SINRij ≥ SINRTH, ∀i, j (13)

where SINRij is the SINR at vehicle νj from network ni.
These constraints collectively ensure that the network

selection is not only optimal in terms of latency but
also feasible under available network and environmental
conditions.

IV. NETWORK SELECTION FOR V2X COMMUNICATION
In this section, we present the network selection mech-

anism for vehicular communication, specifically targeting
V2X applications. The primary goal is to minimize system
response time and optimize the network selection for vehicles
based on application needs, such as V2X safety or infotain-
ment services. We consider a set of heterogeneous networks,
including a vehicular ad hoc network (VANET), 4G, 5G, and
other candidate networks, denoted as N = {n0, n1, . . . , nN }.
Here, n0 represents the current ad hoc network (VANET),
while ni for i ∈ {1, . . . ,N } represents the available
alternative networks in the vicinity. Each network provides
distinct resources (e.g., bandwidth, power, computational
capacity), and vehicles in the network are represented as
V = {ν1, ν2, . . . , νV }. The decision to connect a vehicle
νj to a specific network ni depends on several factors,
such as signal quality (e.g., SNR), available bandwidth,
computational resources, and the vehicle’s position relative
to the network. These factors are used to optimize the
vehicle’s connectivity, reducing the data dissemination time
and meeting application requirements like latency and data
rate.

A. NETWORK SELECTION PROCEDURE
To establish a benchmark for evaluating our proposed
adaptive network selection strategy, we modeled the network
selection problem as a constrained optimization problem
aiming to minimize total data dissemination delay across
all vehicles in the V2X environment. This optimization
problem incorporates key constraints such as bandwidth
availability, computation capacity limits, signal strength
thresholds, and directional alignment between vehicles and
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access points. By formulating this as a Mixed-Integer Linear
Programming (MILP) problem, we were able to leverage an
exact optimization technique grounded in the branch-and-
bound method to determine the optimal network assignment
for each vehicle.

The branch-and-bound algorithm in Algorithm 1 explores
feasible network selections by branching on binary decision
variables and applying linear relaxations to bound subprob-
lems. This ensures globally optimal solutions while mini-
mizing dissemination delay, accounting for both transmission
and computation time per vehicle-network pair. Network
selection proceeds in multiple steps, allowing vehicles to stay
or switch networks based on connectivity, latency, cost, and
application type. For example, safety applications prioritize
low latency, whereas infotainment may favor higher data
rates, as illustrated in Algorithm 2.

Algorithm 1 Branch-and-Bound Based Optimization
Algorithm
1: Given: Network parameters, application requirements,

objective function e.g., Eq. (2), and constraint set e.g.,
Eqs. (3)–(6)

2: Return: Optimal binary assignment matrix α∗

3:

4: Initialization:
5: Flatten the binary matrix α ∈ {0, 1}(N+1)×V into a vector

x ∈ {0, 1}(N+1)V

6: Construct cost vector f ∈ R(N+1)V based on dissemina-
tion time Tvn

7: Encode constraints in matrix form: Ax ≤ b, Aeqx = beq
8: Define box bounds: 0 ≤ x ≤ 1
9:

10: Branch-and-Bound Optimization:
11: Relax integer constraints and solve LP:

minx∈[0,1](N+1)V fT x
12: if x is binary then
13: x∗← x
14: else
15: Select a fractional component xi ∈ (0, 1)
16: for each branch: xi = 0 and xi = 1 do
17: Add constraint xi = 0 or xi = 1
18: Solve the updated subproblem
19: if solution is infeasible or worse than current best

then
20: Prune this branch
21: else
22: Update best feasible solution x∗

23: end if
24: end for
25: Repeat until all nodes are either pruned or explored
26: end if
27:

28: Final Step: Reshape optimal vector x∗ into matrix form
α∗ ∈ {0, 1}(N+1)×V

Algorithm 2 Proposed Adaptive Network Selection Based on
Latency and Application Type
Require: Set of vehicles V = {ν1, ν2, . . . , νV }

Set of networksN = {n1, n2, . . . , nN }
Application requirements and current network assignment

for each vehicle
Ensure: Network selection vector α = [αij]N×V
1: for each vehicle νj ∈ V do
2: best_metric←∞ (if Appj is safety) or 0 (otherwise)
3: selected_network← ∅
4: for each network ni ∈ N do
5: if link (i, j) is available then
6: Transmission delay:

T trans
ij =

sj
rij
+1i +

Pidleij · σ + P
c
ij · T

c
ij

Psij
7: Computation delay: T comp

ij =
cj
fij

8: Handover delay:
9: if ni is different from current network of νj then
10: Sample T handover

ij ∼ N (µms, σ 2ms2)
11: else
12: T handover

ij ← 0
13: end if
14: Total delay: Tij = T trans

ij + T comp
ij + T handover

ij

15: Direction alignment: Dij =
dj−pj
∥dj−pj∥

·
pi−pj
∥pi−pj∥

16: if Appj is safety-critical then
17: scoreij ← Tij − λ · Dij
18: if scoreij < best_metric then
19: best_metric← scoreij
20: selected_network← i
21: end if
22: else if Appj is infotainment then
23: scoreij ←−rij + λ · (1− Dij)
24: if scoreij > best_metric then
25: best_metric← scoreij
26: selected_network← i
27: end if
28: end if
29: end if
30: end for
31: if selected_network ̸= ∅ then
32: αij ← 1 {Assign vehicle j to network i}
33: end if
34: end for
35: Post-Selection Resource Allocation:
36: for each network ni ∈ N do
37: Busedi ←

∑V
j=1 αij · bij, Fused

i ←
∑V

j=1 αij · fij
38: if Busedi > Bmax

i OR Fused
i > Fmax

i then
39: Sort {νj | αij = 1} by priority (safety first)
40: while resources exceeded do
41: Remove lowest priority vehicle: αij ← 0
42: Recompute Busedi ,Fused

i
43: end while
44: end if
45: end for
46: return α

B. ANS-V2X ALGORITHM DESCRIPTION
This optimal solution provides an upper performance bound
as a benchmark for assessing the proposed ANS-V2X
scheme. By comparing the adaptive, application-aware
selection strategy against this optimal benchmark, ANS-V2X
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achieves near-optimal performance in practical scenarios
with varying vehicle densities and heterogeneous network
conditions while maintaining computational efficiency suit-
able for real-time deployment. The proposed algorithm is
designed to perform application-aware network selection for
vehicles in a V2X communication environment. Initially,
all vehicles are connected through DSRC. The algorithm
considers heterogeneous wireless networks and selects the
most suitable one whenever the next-hop vehicle is not
available. The proposed ANS-V2X framework supports
multiple V2X communication modes, including V2V, V2I,
and V2N. Based on real-time network conditions, the
algorithm selects either a neighboring vehicle (for direct
V2V transmission) or an access network (e.g., LTE, 5G) for
infrastructure-based communication. This selection is guided
by a unified utility function that incorporates SINR, latency
sensitivity, and queue delay, ensuring compatibility with
diverse V2X applications such as safety-critical messaging,
infotainment, and traffic updates.

For each vehicle νj, the algorithm begins by identifying all
available networks ni ∈ N . For each network, it measures
the received signal power Pij and the noise level Nij, then
calculates the SINR as SINRij =

Pij
Nij

. It also computes the
directional angle θij between the vehicle and the network
access point to ensure that the network lies within the
vehicle’s forward direction. A network is considered a valid
candidate only if it satisfies the received signal strength Pij
exceeds a predefined threshold PTH, the SINR is greater than
a threshold SINRTH, and the direction angle θij is less than or
equal to 180◦.

For all valid networks, the algorithm computes the
transmission delay T trans

ij and the computation delay T comp
ij ,

defined as:

T trans
ij =

sj
rij
+1i +

Pidleij · σ + P
c
ij · T

c
ij

Psij
, T comp

ij =
cj
fij

The total dissemination time Tij is the sum of transmission
delay, computation delay, and a switching delay term
T handover
ij , which accounts for handover latency when a

vehicle transitions between networks.
Depending on the type of application required by the

vehicle, the network selection strategy changes. If the
vehicle requires a safety application, the algorithm selects
the network that minimizes the total dissemination delay
Tij. In contrast, if the vehicle is running an infotainment
application, it selects the network that offers the maximum
data rate rij.

After identifying the best network according to the appli-
cation type, the algorithm checks whether the bandwidth and
computation capacity constraints are satisfied. Specifically,
it ensures that the cumulative bandwidth and computation
loads from all connected vehicles do not exceed the total
bandwidth Bi or computation capacity Fmax

i of the network.
If the constraints are met, the vehicle is handed over to
the selected network. If not, the algorithm iterates over

the remaining networks in the ranked candidate list until a
feasible one is found. This process repeats for all vehicles
in the system, resulting in an optimized network selection
vector α that minimizes overall data dissemination time while
ensuring application-aware connectivity and maintaining
system-wide constraints.

V. TIME COMPLEXITY ANALYSIS
The time complexity of the proposed network selection
algorithm is primarily governed by the number of vehicles
in the system and the number of available networks each
vehicle must evaluate. For every vehicle, the process begins
with the discovery and assessment of all accessible networks.
This involves computing performance metrics such as signal-
to-noise ratio, transmission delay, or achievable data rate,
depending on the application’s nature. Since each vehicle
evaluates all N networks, this results in a per-vehicle
computational effort ofO(N ). During the application-specific
evaluation, vehicles apply additional logic to prioritize
metrics based on whether the application is latency-sensitive
(e.g., safety-critical) or throughput-driven (e.g., infotain-
ment). This evaluation phase also adheres to a complexity of
O(N ). If the algorithm employs sorting to rank the candidate
networks based on the computed scores, the per-vehicle
complexity increases to O(N logN ). However, in scenarios
where the best candidate can be determined through a
single pass, the complexity remains linear. Consequently,
when accounting for all V vehicles in the system, the total
computational complexity becomes O(V × N ) in the linear
case or O(V × N logN ) if sorting is applied. In contrast, the
worst-case complexity of Algorithm-1 isO(N 2), which arises
when evaluating all network-vehicle combinations for scor-
ing and feasibility. Despite this, the overall runtime remains
acceptable for real-time scenarios due to the algorithm’s
lightweight operations and localized decision-making.

For comparison, the Q-learning-based method incurs
higher computational overhead due to iterative learning. Each
vehicle maintains a Q-table of size S × N , where S is the
number of discrete states. Over E episodes, the complexity
becomes O(V × E × N ), considering action-value updates,
exploration, and reward computations. While this approach
enables learning optimal policies over time, it is less suitable
for real-time operation without pretraining.

On the other hand, the MILP-V2X model involves solving
a combinatorial optimization problem with N × V binary
decision variables and multiple linear constraints. Using
the Branch-and-Bound method, its worst-case complexity
grows exponentially, making it computationally infeasible for
large-scale or time-sensitive deployments.

This complexity reflects the algorithm’s scalable design,
enabling each vehicle to dynamically select the most suitable
network frommultiple heterogeneous options according to its
application-specific demands.

The network selection algorithm aims to select the optimal
network for each vehicle, considering application-specific
demands and multiple constraints. The goal is to minimize
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latency and maximize throughput while adhering to various
network resource constraints, such as bandwidth, computa-
tion power, signal strength, and directional constraints.

A. SIMULATION SETUP
The simulation setup evaluates the performance of two
algorithms designed to optimize network selection in V2X
systems. The first is the MILP-V2X algorithm, which
represents the optimal network selection approach using
the Branch-and-Bound method. This algorithm solves the
MILP formulation to achieve the optimal network assignment
that minimizes data dissemination time while respecting
constraints such as bandwidth, computational resources,
and network direction. Vehicle mobility is modeled using
the Simulation of Urban Mobility (SUMO) framework
with realistic urban road topologies, as described in [23].
To capture the dynamics of vehicular movement, each
vehicle’s position and velocity are updated at 100ms intervals
throughout the simulation. These updates influence signal
quality (e.g., SINR), connectivity, and queue delay due to
variable distances from access points and potential handovers
between networks. Additionally, ANS-V2X is designed with
computational simplicity to meet the real-time processing
and memory limitations typical of On-Board Units (OBUs).
The algorithm avoids iterative solvers or deep models, and
all computations are completed within 15 ms on standard
embedded hardware, making it practical for deployment in
real vehicular systems with limited CPU and energy budgets.

The impact of mobility is explicitly integrated into the
network selection process. As vehicles move across coverage
zones of different Radio Access Technologies (RATs), the
candidate network set and its associated QoS parameters
dynamically change. This leads to adaptive re-evaluation of
utility values, allowing ANS-V2X and other schemes to make
informed decisions based on time-varying link quality and
application needs.

Mobility-induced transitions between networks are mod-
eled by introducing a handover delay term T handover

ij , applied
only when a vehicle switches between different networks.
This delay is sampled from a Gaussian distribution with
a mean of 20 ms and a standard deviation of 5 ms,
reflecting real-world inter-RAT switching latencies (e.g.,
LTE-to-5G), as suggested in [22]. The same mobility-aware
handover model is uniformly applied across all three
schemes to ensure fair evaluation under dynamic vehicular
conditions.

ANS-V2X is a heuristic-based approach designed for
adaptive network selection. This algorithm selects the most
appropriate network based on real-time latency measure-
ments and the specific application requirements of each
vehicle. It dynamically evaluates the network conditions,
such as signal strength, latency, and available bandwidth,
and assigns the optimal network considering application
priorities. The ANS-V2X algorithm offers a balance between
computational efficiency and network performance, making
it suitable for real-time vehicular environments.

The algorithms are implemented and compared in terms
of their performance under varying vehicular densities
and network conditions. The key metrics for comparison
include data dissemination time, computational load, and
overall system throughput. Simulations are conducted across
different network scenarios (e.g., 4G, 5G, ad hoc) to assess the
adaptability and robustness of each approach. Furthermore,
real-world signal disruptions and coverage holes are not
explicitly modeled in this work, as the focus is on network
selection under varying densities.

Table 2 provides an overview of the key parameters used
in the simulation setup for the ANS-V2X, MILP-V2X, and
Q-learning algorithms. These parameters are chosen to reflect
realistic vehicular communication scenarios and enable a fair
and comprehensive comparison across all three approaches.

TABLE 2. Simulation parameters for MILP-V2X, Q-Learning, and ANS-V2X
algorithms.

VI. RESULTS AND DISCUSSION
This section presents a detailed performance evaluation of
the proposed ANS-V2X algorithm in comparison with two
benchmark approaches: the optimization-based MILP-V2X
scheme and a machine learning-based method using a Q-
learning agent [24]. The Q-learning agent learns optimal
network selection actions based on observed SINR, delay, and
utility bymaintaining aQ-table indexed by network states and
updating it through feedback over multiple episodes. In real-
world deployments, SINR, delay, and position estimates
are subject to estimation errors caused by noise. ANS-
V2X demonstrates inherent robustness to such errors due
to its threshold-driven and localized decision logic. Small
inaccuracies in SINR or delay estimates are mitigated
through periodic reassessment, while minor GPS noise in
vehicle positioning has a limited impact on directionality
computationDij. UnlikeMILP-V2X, which relies on globally
precise input, and Q-learning, which is sensitive to reward
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TABLE 3. Qualitative comparison of network selection methods.

feedback, ANS-V2X avoids instability by preventing fre-
quent switching unless utility gains are significant.

Table 3 summarizes the qualitative runtime behavior
and practical deployment readiness of the three evaluated
approaches. While MILP-V2X offers global optimality, it is
computationally expensive and unsuitable for real-time use.
Q-learning adapts over time but requires extensive training.
In contrast, ANS-V2X achieves near-optimal results with
significantly lower runtime, making it ideal for deployment
in latency-sensitive V2X systems. The simulations are
conducted under diverse scenarios by varying the number
of available networks (N = 1 to 5) and the number of
vehicles (V = 5, 9, and 12), reflecting realistic conditions
encountered in dynamic V2X environments. Each network is
characterized by distinct QoS attributes such as bandwidth,
latency, and reliability, while each vehicle is associated
with either a safety-critical or infotainment-based application
demand. This evaluation framework highlights the adaptabil-
ity, scalability, and effectiveness of the proposed ANS-V2X
approach in handling application-aware network selection
under heterogeneous and latency-sensitive communication
requirements.

The MILP-V2X approach employs a branch-and-bound
optimization framework that guarantees globally optimal
assignments across all scenarios. It serves as the theoretical
upper bound for achievable utility and minimal latency.
However, due to the exponential growth in complexity with
increasing problem size, MILP-V2X exhibits substantial
computational latency. For example, in medium-density

FIGURE 2. Vehicle-to-Network assignment heatmap for N = 3 networks
and V = 5 vehicles. MILP-V2X achieves a globally optimal and balanced
assignment, but with higher computational complexity.

scenarios (e.g., 50 vehicles), it often exceeds 100ms
in computation time, making it impractical for real-time
applications. The Q-learning-based approach introduces
a reinforcement learning framework where each vehicle
learns optimal network selection strategies over repeated
interactions with the environment. This method offers
adaptability to dynamic network conditions and can dis-
cover effective policies without prior knowledge of system
parameters. However, its performance depends on careful
tuning of learning parameters and sufficient training itera-
tions. While Q-learning can reach near-optimal solutions in
some configurations, its convergence speed and occasional
inconsistency make it less suitable for latency-critical V2X
systems.

The proposed ANS-V2X heuristic provides a lightweight
and practical alternative by incorporating application-aware
logic with real-time feasibility. It approximates the MILP-
V2X performance while reducing computation time signif-
icantly. In the same medium-density settings, ANS-V2X
consistently completes decisions in under 15ms, making
it well-suited for real-time vehicular environments. Its
structured prioritization of vehicle demands, combined with
adaptive resource allocation, enables effective network-to-
vehicle assignments even under stringent latency and QoS
constraints.

Figures 2, 3, and 4 present heatmaps that illustrate both
the achieved utility and the network-to-vehicle assignment
patterns for ANS-V2X, MILP-V2X, and Q-learning under

FIGURE 3. Vehicle-to-Network assignment heatmap for N = 4 networks
and V = 9 vehicles. Q-Learning and ANS-V2X show distinct patterns with
ANS-V2X favoring latency-aware selections.
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FIGURE 4. Vehicle-to-network assignment heatmap for N = 5 networks
and V = 12 vehicles. Despite the increased complexity, ANS-V2X achieves
a near-optimal assignment while maintaining computational efficiency.

varying network and vehicle densities. The x-axis represents
the number of network nodes (e.g., RSUs), and the y-axis
denotes the number of vehicles. Color intensity reflects
the normalized utility, with warmer shades indicating better
performance. The configurations shown, (N = 3,V =

5), (N = 4,V = 9), and (N = 5,V = 12),
demonstrate how each scheme allocates communication
resources as system complexity increases. ANS-V2X consis-
tentlymaintains high utility across diverse density conditions,
showcasing adaptability and scalability. MILP-V2X, while
producing near-optimal assignments that distribute load
evenly, becomes less practical in dense settings due to compu-
tational limitations. Q-learning shows inconsistent patterns,
highlighting slower convergence and less effective adaptation
under dynamic conditions. This behavior is particularly
evident in Figure 2, where a balanced mapping ensures
minimal contention and efficient exploitation of network
resources. However, as the number of networks and vehicles
increases, as seen in Figure 4, the computational burden
of MILP-V2X becomes prohibitive due to the exponential
search space explored by the branch-and-bound algorithm.
This scalability challenge limits its applicability in real-time
V2X scenarios where rapid decision-making is essential.

Q-Learning offers a learning-based alternative that adapts
over time through interaction with the environment. While
it performs competitively in smaller configurations (e.g.,

FIGURE 5. Average total utility versus number of networks (N = 2 to
N = 5) for vehicle counts V = 5, V = 7, and V = 9 across MILP-V2X,
Q-Learning, and ANS-V2X.

Figure 2), its effectiveness degrades in more complex settings
such as Figure 4. This degradation stems from several factors:
(i) convergence requires a large number of episodes, which
may be infeasible in real-time vehicular environments; (ii)
limited exploration of the large state-action space can lead
to suboptimal policy learning; and (iii) resource constraints
and coverage prohibitions further restrict the set of feasible
actions. As a result, the learned policies may assign multiple
vehicles to overloaded or suboptimal networks, negatively
impacting utility and latency.

The proposed ANS-V2X heuristic demonstrates robust
performance across all configurations, with heatmaps
showing context-aware and latency-sensitive assignments.
In Figure 3, for instance, ANS-V2X intelligently priori-
tizes low-latency networks for delay-sensitive applications
while maintaining feasible resource allocation. Despite
not guaranteeing global optimality, ANS-V2X remains
consistently close to the MILP benchmark while operating
at significantly lower computational cost. This trade-off
makes it highly suitable for deployment in dynamic and
time-constrained V2X environments. To reflect practical
deployment, we acknowledge the presence of handover
latency when switching between RATs. In our framework,
handover delays are assumed to follow a Gaussian distri-
bution with a mean of 20ms, based on typical LTE-to-5G
inter-RAT switching delays [22].

Figures 5 and 6 present a comparative evaluation of
average total utility under varying network and vehi-
cle configurations. As expected, MILP-V2X consistently
delivers the highest average utility. This is due to its
global optimization mechanism that exhaustively explores
all feasible assignments via branch-and-bound, ensuring
maximal utility aggregation across all vehicles and networks.
Q-Learning, being a reinforcement learning-based strategy,
performs relatively well but shows degradation in highly
dynamic configurations. This is attributed to its need for
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FIGURE 6. Average total utility versus number of vehicles (V = 5, V = 7,
and V = 9) for network configurations (N = 2 to N = 5) across MILP-V2X,
Q-Learning, and ANS-V2X.

sufficient exploration during training and the stochastic
nature of its learning process. As the environment scales with
higher vehicle and network counts, Q-Learning struggles
to converge to consistently optimal policies, particularly in
resource-constrained conditions. This leads to lower average
utility when compared to MILP and ANS.

The proposed ANS-V2X demonstrates competitive per-
formance, closely trailing the MILP-V2X in utility across
most scenarios. Unlike MILP, which incurs a significant
computational burden, ANS-V2X utilizes a latency-aware
heuristic that enables fast decision-making. Notably, under
tighter resource constraints or increasing vehicle density,
ANS-V2X even surpasses Q-Learning by better align-
ing network selection with application-specific latency
and resource demands. This makes ANS-V2X particu-

FIGURE 7. Average latency versus number of networks (N = 2 to N = 5)
for vehicle counts V = 5, V = 7, and V = 9 across MILP-V2X, Q-Learning,
and ANS-V2X.

FIGURE 8. Average latency versus number of vehicles (V = 5, V = 7, and
V = 9) across different network counts (N = 2 to N = 5) for MILP-V2X,
Q-Learning, and ANS-V2X.

larly attractive for real-time vehicular environments, where
quick decisions must be made with limited computational
overhead.

Figure 6 reinforces this by illustrating that while MILP-
V2X achieves theoretical optimality, the gap between it and
ANS-V2X remains small across growing vehicle densities.
Conversely, Q-Learning shows performance volatility as
the action space expands. These results highlight the
scalability and robustness of ANS-V2X as a near-optimal
solution with practical advantages over both complex
optimization (MILP) and learning-based (Q-Learning)
alternatives.

Figures 7 and 8 shift focus to average latency, a critical
metric for V2X applications, particularly for safety-critical
data transmission. Across all settings, ANS-V2X consis-
tently yields the lowest latency, thanks to its design that
integrates latency sensitivity directly into the assignment
logic. By dynamically mapping delay-sensitive tasks to
lower-latency networks, ANS-V2Xmaintains responsiveness
under both low and high vehicle loads. While MILP-
V2X ensures balanced utility, its latency performance often
suffers since its objective function is not explicitly delay-
aware. Although MILP does achieve occasional latency
minimization indirectly, it does not prioritize delay as a
first-class metric. Q-Learning, meanwhile, exhibits variable
latency performance. Its decentralized decision-making and
limited training episodes lead to inconsistent results, espe-
cially under denser configurations where convergence takes
longer.

The performance gap is most notable in Figure 8,
where ANS-V2X continues to outperform as vehicle count
increases. The only minor deviation is observed when
network diversity is limited and vehicle count is high
(e.g., N = 2, V = 9), where all schemes approach
similar latency due to network saturation. Still, ANS-V2X
maintains a marginal advantage even under these constraints.

12 VOLUME 13, 2025



M. Z. Haq et al.: Adaptive Network Selection for Latency-Aware V2X Systems

MILP-V2X provides a theoretical upper bound on utility but
lacks real-time feasibility. Q-Learning is adaptive but suffers
from complexity and convergence limitations. ANS-V2X
offers a compelling middle ground, efficient, latency-aware,
and scalable, making it the most suitable candidate for
deployment in practical V2X systems.

VII. CONCLUSION
In this work, a heuristic-based adaptive network selec-
tion framework, ANS-V2X, was proposed to meet the
latency-sensitive and application-aware demands of V2X
systems under dynamic network and vehicle densities. The
algorithm selects suitable networks by evaluating real-time
latency, computation load, and application type. It was
compared against MILP-V2X, an optimal but slow Branch-
and-Bound solver, and Q-learning, a reinforcement learning
method with slower convergence in dense environments.
While MILP-V2X showed slightly better utility in sparse
settings, its high computation time limited real-time use.
ANS-V2X consistently achieved near-optimal utility (within
5–10% of MILP) with much lower latency and sub-15 ms
decision time, without requiring pretraining or centralized
solvers. This efficiency comes from its lightweight, context-
aware logic that adapts quickly to network and mobility
changes. A runtime comparison confirmed that ANS-V2X
remained stable and fast, while MILP-V2X and Q-learning
incurred higher overhead. This makes ANS-V2X the most
practical among the three, balancing decision quality with
runtime efficiency for real-time deployment. Future work
includes integrating deep RL, predictivemobilitymodels, and
real-world testing to improve scalability and robustness.
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