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Abstract—Vehicular-to-Everything (V2X) communication 
enables data exchange between vehicles and infrastructure, 
playing a crucial role in autonomous and connected driving 
systems. However, growing vehicular density often leads to 
Radio Access Network (RAN) congestion. To mitigate this, 
Multi-Radio Access Technology (Multi-RAT) networks offer 
diverse services and data rates, enhancing throughput and 
reliability, but they also introduce the challenge of effective 
Load Balancing (LB) among heterogeneous RATs. 
Conventional LB approaches, such as those based on 
Received Signal Strength Indicator (RSSI) or Time-to-Leave 
(TTL), struggle under dynamic mobility and service 
variability. This paper proposes two novel LB frameworks: 
the Multi-Service Caching-Based Load Balancing (MSCLB) 
and the Intelligent Multi-Service Caching-Based Load 
Balancing (IMSCLB) schemes. The IMSCLB integrates 
service-aware caching with a CNN-LSTM predictive model 
to forecast RAT load and optimize resource allocation 
adaptively. Simulations conducted across three RATs (IEEE 
802.11n, 802.11ac, and 802.11ad) and three service categories 
(Safety, Traffic, and Information) demonstrate substantial 
improvements over traditional methods. Specifically, 
MSCLB improves throughput by 10 Mbps, boosts packet 
delivery ratio by 10%, and reduces latency by up to 6%, 
while IMSCLB further enhances performance consistency, 
achieving satisfaction rates of 99.89%, 99.99%, and 99.99% 
for 802.11n, 802.11ac, and 802.11ad, respectively. These 
results validate the effectiveness of integrating service-aware 
caching and predictive intelligence for efficient load 
balancing in heterogeneous vehicular networks. 
 
Keywords—caching, load balancing, multi-RAT, Vehicular-
to-Everything (V2X), multi-service 
 

I. INTRODUCTION 

The Fifth Generation (5G) network employs several 
methods to manage network load efficiently, notably 
through small-cell deployment [1]. This structure 
combines a high-power macro cell for wide coverage with 
multiple low-power small cells, such as pico and femto 
cells, to offload traffic from congested macro cells. As 
demand for high-speed wireless services increases, Load 
Balancing (LB) becomes essential for maintaining 
performance [2], and the same applies to vehicular 
communication systems facing similar challenges. 

In 5G, macro and small cells differ in coverage and 
power. Macro cells connect users through cloud servers, 
while small cells handle localized low-rate transmissions 
[3]. However, because macro cells have stronger 
Reference Signal Received Power (RSRP), they attract 
more users, leading to overload, whereas small cells 
remain underutilized. This imbalance requires efficient LB 
techniques in heterogeneous networks [4]. 

Conventional interference management directs users 
toward less congested cells to reduce inter-cell interference 
but often lowers spectral efficiency by reserving part of the 
spectrum for interference control [5]. Adaptive cell 
selection algorithms also face a trade-off between 
interference mitigation and throughput. 

To address these limitations, Cell Range Extension 
(CRE) has been introduced to enhance load distribution [6]. 
Yet, existing CRE schemes often lack accuracy, 
particularly for edge users, resulting in suboptimal LB and 
reduced throughput [7]. 

In Vehicular-to-Everything (V2X) communication, 
which includes Vehicle-to-Vehicle (V2V), Vehicle-to-
Infrastructure (V2I), Vehicle-to-Pedestrian (V2P), and 
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Vehicle-to-Network (V2N) links (Fig. 1), reliable low-
latency connections are crucial, especially for safety-
critical signals with modest data rates [8], as shown in 
Table I. Mobile Edge Computing (MEC) supports these 
requirements by bringing computation and storage closer 
to users, reducing latency and improving reliability [9]. 
Integrating MEC with 5G enables intelligent transport 
systems to overcome computing limitations and support 
real-time decision-making [10]. Vehicles gather road data 
through onboard sensors, processed by MEC nodes and 
cloud servers for timely responses [11] 

 

 
Fig. 1. V2X technology and interface. 

 
TABLE I. REQUIREMENTS FOR V2X APPLICATIONS [12] 

Application  Latency (ms) Reliability  Data rate 
(Mbps) 

Safety aware and 
collision 

avoidance 

10 10−5 < 5 

Traffic aware 10 10−2 100 
Infotainment and 
augmented reality 

500 None 40 (per video) 

 
Recent studies have explored the use of Multi-Radio 

Access Technology (Multi-RAT) in V2X networks to 
improve reliability, increase throughput, and minimize 
latency [13]. Efficiently balancing the load between these 
diverse RATs in a heterogeneous network is crucial to 
meet the varying demands of V2X throughout a vehicle’s 
journey [14], as shown in Fig. 2.  
 

 
Fig. 2. Multi-RAT communication throughout a vehicle’s journey. 

In vehicular LB for multi-RAT V2X networks, two 
common metrics are the Received Signal Strength 
Indicator (RSSI) and Time to Leave (TTL). RSSI measures 
signal strength to estimate link quality, while TTL predicts 
how long a vehicle will remain within a RAT’s coverage, 
helping with handover decisions. However, both metrics 
have notable limitations. RSSI only reflects signal power 
without considering congestion or interference, and TTL 
does not account for real-time traffic or routing dynamics. 
In high-mobility scenarios, these metrics quickly become 
outdated, leading to suboptimal balancing and delayed 
handovers. Furthermore, the diversity of RAT protocols 
complicates their integration into a unified and scalable LB 
strategy. 

To address these issues, more context-aware methods 
are required—ones that integrate real-time analytics, 
service demands, and predictive modeling. RAT caching 
presents a promising solution by using historical data and 
mobility patterns to anticipate network conditions. This 
approach reduces dependence on instantaneous RSSI 
measurements and complements TTL with trajectory and 
traffic history, resulting in proactive and smoother 
handovers. 

Different vehicular services also have distinct Quality 
of Service (QoS) requirements: safety messages demand 
low latency and high reliability, while infotainment 
services require high throughput and minimal jitter. 
Applying differentiated caching strategies tailored to each 
service type can improve QoS and enhance overall load 
balancing efficiency. 

This paper introduces a Multi-Service Caching-Based 
Load Balancing (MSCLB) approach to distribute network 
load across available RATs in Vehicle-to-Infrastructure 
(V2I) communication. An enhanced version, the 
Intelligent MSCLB (IMSCLB), incorporates Long Short-
Term Memory (LSTM) deep learning to predict traffic 
patterns and dynamically optimize QoS. Both models are 
evaluated in terms of throughput, packet delivery ratio 
(PDR), and latency under different vehicle speeds and 
service types. The goal is to achieve balanced network 
utilization, maximize throughput and PDR, and minimize 
latency in dense multi-RAT vehicular environments. 

The rest of the paper is organized as follows: Section II 
gives a literature review, and Section III describes the 
proposed methodology. The simulation results are 
discussed in Section IV. The conclusion of this study and 
the illustration of future works are given in Section V. 

II.  LITERATURE REVIEW 

Load balancing in vehicular and multi-RAT 
communication systems has received substantial attention 
due to the increasing need for reliable, low-latency 
connectivity in highly dynamic vehicular environments. 
Existing studies have explored several strategies, which 
can be broadly categorized into RSSI/TTL-based, 
offloading-based, optimization-based, ML-driven, and 
caching-aware approaches, as summarized in Table II. 

RSSI- and TTL-based Load Balancing: Early studies 
such as Refs. [16–18] primarily depend on the Received 
Signal Strength Indicator (RSSI) and Time-To-Leave 
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(TTL) metrics for RAT or base station selection. These 
methods aim to balance the network load and reduce 
congestion by connecting vehicles to the strongest signal 
source. Although simple and computationally efficient, 
these schemes lack responsiveness to real-time congestion, 
interference, and service differentiation, often leading to 
suboptimal handovers and performance degradation in 
dense traffic scenarios. 

Edge Computing and Offloading-based Approaches: 
Subsequent works [17], Refs. [19–23] leveraged Mobile 
Edge Computing (MEC), fog computing, and cloud 
offloading to redistribute computation and communication 
loads. For instance, Ref. [17] and Refs. [19–21] offload 
intensive tasks to edge or cloud nodes to improve 
processing efficiency, Zhang et al. [22] and  
Sondur et al. [23] integrated Software-Defined 
Networking (SDN) for centralized resource orchestration. 
Despite their effectiveness in localized environments, 
these approaches introduce additional latency and 
signaling overhead due to task transfers, and they do not 
address inter-RAT load balancing challenges. 

Storage and Resource Reallocation Mechanisms: 
Studies in Refs. [24–27] examined dynamic resource and 
storage allocation to enhance MEC performance. In  
Ref. [24], a collaborative storage mechanism was proposed 
to reduce latency and cost, whereas Refs.  [25–27] 
introduced mechanisms such as weighted Voronoi-based 
region partitioning and buffer-based load redistribution. 
Although these models mitigate storage imbalance within 
MEC nodes, they overlook cross-RAT coordination and 
generate additional signaling overhead and processing 
delays during resource reallocation. 

Optimization and Game-Theoretic Techniques: Several 
works applied optimization frameworks to jointly allocate 
resources and schedule offloading tasks. For instance,  
Hsu et al. [28] formulated the LB problem as a Mixed-
Integer Nonlinear Programming (MINLP) model, solved 
using deep learning-assisted Particle Swarm Optimization 
(PSO), Zhang and Wang [29] adopted a game-theoretic 
approach to minimize execution time through 
decentralized competition among users. These methods 
deliver efficient resource utilization but are constrained by 
high computational cost, slow convergence, and limited 
scalability, making them impractical for fast-changing 
vehicular environments. 

Machine Learning and Deep Learning-based LB: 
Recent advancements employ machine learning for 
adaptive LB and RAT selection. Dai et al. [16] utilized 
reinforcement learning for dynamic resource distribution, 
Altahrawi et al. [12] proposed a joint LSTM Multi-Criteria 
(SOLMC) model that predicts connectivity and selects 
optimal RATs based on multiple parameters, including 
capacity, delay, and queue length. Although these ML-

based methods enhance adaptability, they demand large 
training datasets, centralized coordination, and significant 
processing power, limiting their real-time feasibility in 
V2X networks. 

Caching-aware Load Balancing: Caching mechanisms 
have been introduced in Ref. [30] and Ref. [31] to improve 
data accessibility and reduce latency. For instance, 
Varanasi and Chilukuri [30] integrated caching with kernel 
ridge regression, and Zhang et al. [31] employed mobility-
aware caching to enhance QoS. However, these works 
primarily use caching to optimize RAT-level performance, 
without leveraging it as a cross-RAT LB tool. Furthermore, 
multi-service differentiation remains unaddressed. 

Our proposed MSCLB and IMSCLB schemes differ 
from prior works, such as service-oriented LSTM-based 
RAT selection Ref. [12] and caching-aware ML 
approaches Refs. [30, 31], in several important ways. 
Unlike [12], which focuses mainly on multi-criteria 
LSTM-based RAT selection without proactive service-
specific caching, our approach integrates caching at each 
RAT to distribute network load based on both service 
requirements and predicted traffic demand. Varanasi and 
Chilukuri [30] and Zhang et al. [31] utilized caching to 
improve QoS within a single RAT, our method explicitly 
employs caching as a mechanism for load balancing across 
heterogeneous RATs, enabling coordinated multi-RAT 
and multi-service management. The CNN-LSTM model 
further enhances performance by capturing spatial 
correlations in the service load distribution across RATs 
and vehicles, which pure LSTM models cannot efficiently 
extract, and then leveraging LSTM for temporal 
predictions. This combination improves throughput, 
reduces latency, and maintains high packet delivery ratios 
under high mobility and multi-service scenarios, 
demonstrating the practical novelty and effectiveness of 
our proposed schemes compared to existing methods. 

As summarized in Table II, most existing approaches 
suffer from limited cross-RAT coordination, high 
computational complexity, and insufficient multi-service 
differentiation. To overcome these challenges, this study 
proposes two complementary solutions: 1) MSCLB 
employs service-specific caching within each RAT to 
proactively balance traffic according to service type and 
cache availability, reducing congestion and latency, and 2) 
IMSCLB extends MSCLB by integrating LSTM-based 
traffic prediction, enabling real-time cross-RAT 
coordination and adaptive LB under high mobility. 

Together, the proposed models address the 
shortcomings of previous RSSI-, MEC-, optimization-, 
and caching-based solutions by achieving low latency, 
high throughput, and efficient multi-service QoS 
provisioning across heterogeneous vehicular networks. 
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TABLE II. SUMMARY OF RELATED WORKS ON MULTI-RATS LB 

Ref. Contribution LB technique Caching ML used Limitation Multi-RAT 
Multi-

services 

[16] 
Distribute the network 
load evenly and reduce 

congestion 
RSSI × 

Reinforcement 
learning 

Limited application × × 

[17] 
Seamless handoff 

between BSs. 
RSSI and 
offloading 

× × 
Latency increases 
due to the required 

offloading time. 
× × 

[18] 
Optimize data 

transmission paths 

RSSI with 
routing 
protocol 

optimization 

× × 
Complexity 

increases when 
density increases. 

× × 

[19−21] 

Improving transmission 
efficiency in high-

density vehicle 
networking 

RSSI and 
offloading 

× Deep learning 
Latency increases 
due to the required 

offloading time. 
× × 

[22] 
Optimize data 

transmission paths 

RSSI, with the 
centralized 
decision at 

SDN 

× × 
Less performance 

for edge users. 
× × 

[23] 
Enhance the 

performance of edge 
users. 

RSSI at MEC × × Limited application × × 

[24] 

Allowing dynamic 
resource allocation to 
reduce storage latency 

and cost 

--- × × No LB attention. × × 

[25] 
Enhancing LB among 

MEC 
RSSI at MEC × × 

Complexity 
increases by non-

linear complex 
optimization 

problem. 

× × 

[26] 
Enhancing LB among 

MEC 
RSSI at MEC × × 

Increase waiting 
time until 

accept/reject the 
offloading between 

BS. 

× Task request 

[27] 
Enhancing LB among 

MEC 
RSSI at MEC × × 

More signaling 
required 

× Task request 

[28] 
Enhancing LB among 

MEC 
RSSI at MEC × 

Deep learning 
and PSO 

Complexity 
increases when 

density increases. 
× × 

[29] 
To minimize task 

execution time 
RSSI at MEC × × 

Complexity 
increases when 

density increases. 
× × 

[12] 

Joint LSTM multi-
criteria RAT selection 

approach in V2I 
communication 

RSSI, TTL × LSTM 
No caching 

consideration. 

DSRC 
WIFI 

C-V2x 

Safety, 
traffic, 

information 

[30] 
Improving QoS of the 

network using caching-
aware. 

--- √ 
kernel ridge 
regression 

No LB attention. × × 

[31] 

Solving non-linear 
optimization problem 

comes from the 
mobility-aware to 

enhance the network’s 
QoS 

--- √ × No LB attention. × × 

Proposed 
work 

Multi-Service Caching-
aware LB and Intelligent 

MSCLB in V2I 
communication 

RSSI, TTL, 
MSCLB 

√ CNN-LSTM --- 
IEEE802.11n 
IEEE802.11ac 
IEEE802.11ad 

Safety, 
traffic, 

information 

III.   METHODOLOGY  

The approach detailed in this study involves a three-
phase process. Initially, the framework for the analysis is 
set up by positioning vehicles and linking each one to one 
of three RATs, determined by the signal strength detected. 
The second phase entails implementing LB across three 

scenarios: RSSI, TTL, and MSCLB. At the simulation’s 
onset, vehicles establish connections based on the 
strongest RSSI. Once movement commences, each vehicle 
selects the most appropriate RAT: the closest vehicle 
connects via RSSI, while a vehicle farther from a RAT but 
still within its range and with a longer duration before 
exiting the range uses TTL for connection. The proposed 
MSCLB allows vehicles to connect to the suitable RAT 
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based on the service required by each vehicle, enabling the 
distribution of load along all RATs. The last part of this 
simulation compares MSCLB and IMSCLB by proposing 
a Convolutional Neural Network (CNN) LSTM model 
(CNN-LSTM) to predict the throughput of each RAT, 
which means predicting the load on each RAT. The 
integration with LSTM was selected due to its strong 
capability in modeling sequential and time-dependent data, 
which is essential for capturing the dynamic behavior of 
vehicular networks. Unlike CNN alone, integration with 
LSTM effectively retains long-term dependencies, 
allowing it to learn patterns in traffic variation, mobility, 
and network load over time.  

A. Vehicle Distribution and Car-Following Model 

This study introduces an innovative connection strategy 
reliant on the caching capabilities of the RAT, tailored to 
the specific service required by the vehicle. The three 
distinct services considered are safety (Sf), traffic (Tr), and 
information (IN). The Sf service is crucial at intersections 
with high vehicle densities, the Tr service is vital for 
vehicles intending to overtake and needing to assess the 
road and its surroundings, and the Information Service (IN), 
though less critical, is necessary for vehicles in less 
crowded conditions that require substantial data. 

Each RAT houses a cache profile, and high-speed 
backhauling facilitates data exchange between RATs, 
enabling collaborative relaying when necessary. 
Information on all RATs’ cache profiles is uploaded to the 
cloud, making it accessible for all network RATs. This 
cloud-stored data aids RATs in understanding network 
conditions and selecting the most appropriate RAT for 
connection. 

All vehicles k, in the simulation scenario, are randomly 
distributed and updated in their position (xi, yi) using 
Poisson distribution where (xi, yi) is the position coordinate 
of the ith vehicle. The Poisson distribution is employed in 
V2I network modeling for several compelling reasons. 
Firstly, it effectively represents traffic arrival patterns. In 
V2I communication, data packets are exchanged between 
vehicles and RATs, and the timing of these packet arrivals 
can be described by a Poisson process. This allows the 
average arrival rate to be captured and used to predict and 
analyze traffic behavior within the network. Secondly, the 
Poisson distribution is well-suited for capturing the 
inherent randomness of events in vehicular environments, 
such as vehicle arrivals in a given area, the initiation of 
data transmissions, or the occurrence of channel errors. Its 
assumption of event independence and memorylessness 
aligns with the unpredictable nature of these phenomena. 
Lastly, the Poisson distribution simplifies the analytical 
process. Its mathematical tractability makes it easier to 
design and evaluate V2I systems, allowing researchers to 
derive closed-form expressions for key performance 
metrics like throughput and PDR, as [34]:   

𝑃𝑑ሺ𝑘; 𝜇ሻ ൌ 𝑒െμμ𝑘

𝑘!
                            (1) 

where 𝜇  is the average rate of events occurring in the 
interval, greater than 0, 𝑃𝑑 is the Poisson distribution, and 
k is the total number of vehicles.    

The simulation employs the car-following model, a 
theoretical framework designed to describe vehicle 
behavior in traffic, particularly under congested conditions 
where interactions between vehicles are prominent  
Ref. [35] and Ref. [36]. This model aims to predict how 
drivers adjust their speed and position in response to the 
actions of the vehicle directly ahead. Each vehicle in the 
model is characterized by its dynamic properties, such as 
maximum speed, acceleration, and deceleration limits, 
which govern its movement over time. Additionally, 
vehicles strive to maintain a safe following distance, which 
in this study is quantified using the distance headway—the 
physical gap between successive vehicles. 

The response of a following vehicle is primarily 
influenced by the speed and acceleration or deceleration of 
the lead vehicle. As the lead vehicle alters its speed, the 
trailing vehicle adapts its motion to preserve a safe and 
consistent spacing. This paper adopts the linear follow-the-
leader model to implement the car-following behavior, as 
illustrated in Fig. 3. In this approach, a vehicle’s 
acceleration is modeled as directly proportional to the 
speed difference between itself and the vehicle ahead, and 
inversely proportional to the square of their headway 
distance. The acceleration of each vehicle, ai, is calculated 
accordingly using [34]:  

𝑎௜ ൌ 𝑔 ቀ 
௩೔షభି௩೔

௫೔షభି௫೔
 ቁ                             (2) 

where 𝑣௜ and 𝑣௜ିଵ are the speeds of the following vehicle 
ki and the lead vehicle ki−1, respectively, 𝑥௜  and 𝑥௜ିଵ are 
the positions of the ki and ki−1, respectively, and g is a 
sensitivity factor that represents how aggressively a driver 
reacts to the difference in speeds, considering the headway. 
In this paper, g is equal to 0.5 to simulate a more realistic 
real scenario. 

 
Fig. 3. Linear follow-the-leader car-following model. 

B. The Proposed Scenario 

The simulated scenario illustrated in Fig. 4 involves N 
different types of RATs, where N = 3 in this study. The 
selected RATs include IEEE 802.11n, IEEE 802.11ad, and 
IEEE 802.11ac, all of which are widely adopted in WiFi-
based vehicular networks. Each RAT provides a specific 
coverage area denoted by DN and is positioned at a distance 
di from vehicle ki, representing the physical separation 
between the ith vehicle and the corresponding RAT. The 
technical specifications and parameters for each RAT used 
in the simulation are detailed in Table III [32]. 
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TABLE III. IEEE 802.11 RAT SPECIFICATIONS 

RAT standard Channels used  
Carrier 

frequency 
(GHz) 

Bandwidth 
(MHz) 

IEEE 802.11n 6 40 1 
IEEE 802.11ac 2.437 5.2 60.48 
IEEE 802.11ad 20 40 2160 

 
The simulation scenario begins with the random 

distribution of vehicles across the environment. Each 
vehicle requests one of three service types (SE): Sf, Tr, or 
IN. The required RSE for these services are 0.5 Mbits/s for 
Sf, 2 Mbits/s for Tr, and 10 Mbits/s for IN. The distribution 
of these services is as follows: 
1) At intersections, such as with vehicle 1 in Fig. 4, the 

vehicle sends both Sf and Tr services to the associated 
RAT. This aligns with the importance of safety and 
traffic information at intersections, where vehicle 
coordination and awareness are critical. 

2) Outside intersections, as seen with vehicles 2 and 3 in 
Fig. 4, service requests depend on the vehicle’s 
surroundings: 

Case (a): If the vehicle is distant from any intersection 
and has no other vehicles within a 6-meter radius in all 
directions, it sends the IN service to the RAT. This 
scenario is demonstrated by vehicle 2. 

Case (b): If the vehicle is also away from an intersection 
but detects other vehicles within 6 meters in any direction, 
it prioritizes safety and transmits an Sf service to the RAT. 
This is illustrated by vehicle 3 in the Fig. 4. 

After sending its designated service, each vehicle 
connects to one of the RATs based on one of four selection 
methods: RSSI, TTL, the proposed MSCLB, or the 
IMSCLB. These selection approaches are discussed in 
detail in the following sub-sections. 

 

Fig. 4. Simulation scenario. 

1) The first scenario: RSSI load balancing  

To begin with, a scenario is constructed where all 
vehicles have varying speeds vi ranging from 1 m/s to 50 
m/s. The number of vehicles k is 50 at each iteration, 
distributed randomly using a Poisson distribution. This 
randomness in vehicle positions ensures a realistic 
representation of a dynamic vehicular network. The 
vehicles’ movements are also simulated based on their 
assigned speeds and car-following model, allowing for 
realistic mobility patterns. This part provides insights into 

the network’s performance under the worst-case distance-
based scenario.  

To evaluate different V2I use cases fairly, each vehicle 
randomly selects a use case to simulate. This random 
selection ensures equal consideration and representation of 
all available use cases, avoiding bias in the evaluation 
process. The simulation time (T) is set to 100 seconds to 
capture an adequate time frame for observing and 
analyzing the network’s performance under different 
scenarios. 

For the RSSI scenario, at every (t) equals one-second 
interval, the positions of the vehicles (xi, yi) are updated 
based on the Poisson distribution. Subsequently, each 
vehicle determines the nearest RAT based on the RSSI. 
The RSSI between ith vehicle and N RATs, £௜

ே, depends on 
the minimum di between ki and N. The decision to connect 
to the RAT depends on the highest £௜

ே . The number of 
vehicles selecting each RAT is counted to assess the 
distribution of RAT selection. After all vehicles are 
assigned to one of the RATs available, the network 
performance is evaluated by measuring throughput, PDR, 
and latency. This evaluation considers the calculated path 
loss (PL) values considering the vehicle specifications 
such as (xi, yi), di, and f for the RAT as:  

𝑃𝐿ሺ𝑑𝐵ሻ ൌ 20 logଵ଴ሺ𝑑𝑖ሻ ൅ 20 logଵ଴ሺ𝑓ሻ ൅ 20 logଵ଴ ቀ
ସగ

஛
ቁ          (2) 

where 𝑃𝐿 is the free-space path loss, di is the Euclidian 
distance between the vehicle and the RAT, f is the carrier 
frequency of the RAT used, and λ is the wavelength and 
equals to 𝜆 = c/ f where c = 3 ×108 is the speed of light. The 
£௜

ே calculation is given by [37]:  

£௜
ேሺ𝑑𝐵𝑚ሻ ൌ 𝑃௥ሺ𝑑𝐵𝑚ሻ ൅ 𝐺௥ሺ𝑑𝐵𝑖ሻ െ 𝑃𝐿ሺ𝑑𝐵ሻ     (3) 

where 𝐺௥  is the received antenna gain and 𝑃௥  is the 
received power calculated by [37]:  

  𝑃௥ ൌ 𝑃௧ ቀ 
ீ೟ீೝ஛మ

ሺସగሻమௗమ ቁ                               (4) 

where 𝑃௧ is the transmitted power.  
The utility function 𝑢 for the RSSI scenario follows the 

following criteria [12]:  

𝑢ሺ𝑅𝑆𝑆𝐼ሻ௝
௜ ൌ ൞

0, £௝
௜ ൏ £௝

௠௜௡

𝛼, £௝
௠௜௡ ൏ £௝

௜ ൏ £௝
௠௔௫

1, £௝
௜ ൒ £௝

௠௔௫

            (5) 

where i=1:N and j=1:k. £௝
௠௔௫  is the maximum RSSI for 

each k, and £௝
௠௜௡ is the minimum RSSI for each k at which 

the receiver can no longer detect the signal energy 
according to sensitivity levels of IEEE 802.11 standards 
[12], and finally,   

𝛼 ൌ
£ೕ

೔ ି£ೕ
೘೔೙

£ೕ
೘ೌೣି£ೕ

೘೔೙                              (6) 

2) The second scenario: TTL Load balancing   

Estimating the TTL value for each vehicle is crucial for 
determining the duration of connectivity within the radio 
coverage of each RAT. We initially determine the 
maximum TTL (TTLmax) for each N to compute the TTL. 
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This is achieved by dividing the total communication 
range, represented as 2Ds, by the speed of the vehicle, 
denoted as vi, in the following manner [12]: 

𝑇𝑇𝐿௠௔௫ ൌ
ଶ஽ೞ

௩೔
                              (7) 

Secondly, the instantaneous TTLins at the current 
vehicle position can be calculated as [12]:   

𝑇𝑇𝐿௜௡௦ ൌ
஽

௩೔
                                    (8) 

where D is the distance between the kth vehicle location 
𝜑ሺ𝑘௜ሻ ≜ ൛𝜑௫

௞, 𝜑௬
௞, 𝜑௭

௞ൟ and the predefined position of each 
RAT Nx at the x-axis, and it is calculated as [12]:    

𝐷 ൌ ൜ 
𝐷௦ ൅ 𝐷௫        𝜑௫

௞ ൏ 𝑘௫

𝐷௦ െ 𝐷௫        𝜑௫
௞ ൐ 𝑘௫

                     (9)  

and 

𝐷௫ ൌ |𝜑௫
௞ െ 𝑘௫|                              (10) 

 

𝐷௦ ൌ ඥ𝑟ଶ െ ሺℎ௭
௞ െ ℎ௭

ேሻଶ                       (11)    

where 𝐷௫ is the distance between the N RAT and k vehicle 
on the horizontal axis, x, r is the coverage radius of each 
RAT, ℎ௭

௞  and ℎ௭
ே are the height of the vehicle and RAT, 

respectively, and 𝐷௦ is the diameter of the coverage area. 
Finally, the TTL is calculated based on the direction of the 
movement, drm, as follows [12]:  

 

𝑇𝑇𝐿 ൌ ൜ 
𝑇𝑇𝐿௜௡௦                                    𝑑𝑟௠ ൐ 0
𝑇𝑇𝑙௠௔௫ െ 𝑇𝑇𝐿௜௡௦                𝑑𝑟௠ ൏ 0      (12)  

 
The utility function of 𝑇𝑇𝐿 is proposed as in [12], where 

it is twice differentiable, monotonic, concavity-convex, 
and guarantees the following conditions [12]:  
 

𝑢ሺ𝑇𝑇𝐿ሻ ൌ

⎩
⎪
⎪
⎪
⎨

⎪
⎪
⎪
⎧

0,                                         𝑇𝑇𝐿 ൏ 𝑇𝑇𝑙௠௜௡

൬
೅೅ಽ

೅೅೗೘೔೏
൰

ഁమ

ଵା൬
೅೅ಽ

೅೅೗೘೔೏
൰

ഁమ                 𝑇𝑇𝑙௠௜௡ ൑ 𝑇𝑇𝐿 ൑ 𝑇𝑇𝑙௠௜ௗ

1 െ
൬

೅೅೗೘ೌೣష೅೅ಽ
೅೅೗೘ೌೣష೅೅೗೘೔೏

൰
ഁమ

ଵା൬
೅೅೗೘ೌೣష೅೅ಽ

೅೅೗೘ೌೣష೅೅೗೘೔೏
൰

ഁమ   𝑇𝑇𝑙௠௜ௗ ൑ 𝑇𝑇𝐿 ൑ 𝑇𝑇𝑙௠௔௫

1,                           𝑇𝑇𝐿 ൒ 𝑇𝑇𝑙௠௔௫

  (13)                        

 
where 𝑇𝑇𝐿௠௜ௗ ൌ

்்௅೘ೌೣା்்௅೘೔೙

ଶ
 TTLmin is the minimum 

time required to deliver all V2x service packets from the 
source to the destination, computed by dividing the 
maximum number of service SE packets by the RSE 
specified for this service. 𝛽 is the constant parameter that 
determines the sharpness of the utility function, 𝛽 > 0.  

3) The proposed MSCLB  

Caching in vehicular networks is a strategic approach to 
enhance data accessibility and reduce latency in 
communication between vehicles and RATs, which is 
pivotal for safety-critical applications and infotainment 
services. By storing data locally in RATs, caching 

minimizes the dependence on continuous network 
connectivity, which is crucial in high-speed mobility 
environments where network conditions can fluctuate 
rapidly.  

This technique leverages vehicles’ mobility patterns and 
content’s popularity to decide what data to cache and when 
to update or replace it. As a result, it significantly improves 
data dissemination efficiency, ensuring timely access to 
vital information for driving safety and enriching the in-
vehicle experience with seamless access to entertainment 
content. This section introduces the operation of caching, 
building on Service-based Networking (SbN) to exploit its 
native support for in-network caching.  

Each RAT maintains a cache sized at ch data chunks. 
This cache is divided into three parts based on a parameter 
δ, where δ ranges between 0 and 1. The first part, C1, can 
hold up to (δ*c) chunks, where δ here equals 0.5, dedicated 
to Sf data. The second part, C2, can hold up to (0.3*c) 
chunks reserved for Tr content, while the remaining C3 
can hold up to (0.2*c) chunks reserved for the IN content 
[12].  

Distinct eviction strategies are applied to these sections: 
First-In-First-Out (FIFO) for all Cs. Table IV shows the 
possible cases of LB based on caching.  

 
TABLE IV. POSSIBLE CASES OF LB BASED ON CACHING 

Case Service 
needed 

Vehicle’s 
Location 

RAT to 
connect to 

Description 

1 Sf Intersection 
IEEE 

802.11n 

n RAT gives high 
coverage and less 
data rate, which is 

suitable for Sf 
services. 

2 Sf and Tr Near the 
intersection 

IEEE 
802.11n 

Due to the wide 
coverage that n 

RAT offers. 

3 Tr 

Overtake 
another 
vehicle 

IEEE 
802.11ac 

To offload the 
load on n RAT, ac 

RAT can serve 
vehicles that need 

Tr or IN data. 

4 IN 
Away from 
intersection 

IEEE 
802.11ad 

ad RAT gives a 
very high data rate 

suitable for the 
required IN data. 

5 Sf but n 
RAT is 

overloaded 

Intersection IEEE 
802.11ac 

If n RAT is 
overloaded, ac 
RAT offers a 

small portion of its 
cash to help in Sf 

data when needed. 

6 Tr but ac 
RAT is 

overloaded 

Near the 
intersection 

IEEE 
802.11ad 

If ac RAT is 
overloaded, ad 
RAT offers a 

small portion of its 
cash to help in Tr 
data when needed. 

Fig. 5 depicts the simulation process flowchart, 
beginning with the initialization of the simulation 
environment by randomly distributing 50 vehicles that 
adhere to the car-following model. Initially, each RAT is 
assigned a connection based on the RSSI for the first cycle. 
As vehicles commence movement, their locations, RSSI, 
TTL, and required services are updated. RSSI determines 
connections to the nearest RAT. Conversely, connections 

Journal of Communications, vol. 21, no. 3, 2026

437



based on TTL prioritize vehicles with longer TTL to RATs 
servicing their area. For connections determined by 
caching, they adhere to the scenarios outlined in Table IV. 
Subsequently, the simulation involves tallying the vehicles 
linked to each RAT and computing the throughput, PDR, 
and latency for each RAT before the cycle repeats.  
 

Start

Simulation area initialization

Location calculation of each vehicle and 
its distance from each RAT.

Randomly distribute all vehicles 
along the simulation area

RSSI and TTL calculation 
for each vehicle

Service required determination by 
each vehicle

Load balancing 
based on?

Vehicles connection to the 
nearest RAT based on RSSI

Vehicles connection to 
the RAT that covers the 
vehicle during its TTL. 

Capacity determination for 
each service (Sf, Tr, IN)

Vehicles connection to the 
RAT following Table 5 

cases. 
Number of vehicles calculation 
in each RAT for each scenario.

Load on each RAT calculation for 
each scenario.

Performance metrics 
calculation

Update the mobility of 
vehicles 

T-times repetition 

Take the average for 
all metrics

End

RSSI

TTL

MSCLB

 
Fig. 5. Flowchart for the simulation. 

Each k has its utility function as uk = [u(RSSI), u(TTL)]k. 
In this case, the maximization problem for the MSCLB 
becomes:  

𝑁𝑉௡ ൌ 𝑚𝑎𝑥 ∏ 𝑢௜ ൈ 𝑈ெௌ஼௅஻
௞
௜           (14) 

where 

𝑈ெௌ஼௅஻
௜ ൌ ൜ 𝐶

௜ ൅ 1,                 𝐶௜ ൐  𝑁𝑉௜

𝐶௜ െ 1,                 𝐶௜ ൑  𝑁𝑉௜            (15) 

 s.t.: 
        𝐶1: £௞ ൏ £௠௜௡ 
        𝐶2: 𝐶௦௙ ൐ 𝐶்௥ 

𝐶3:  𝐶்௥ ൐ 𝐶ூே 
𝐶4: 𝑇𝑇𝐿௞ ൐ 𝑇𝑇𝐿௠௔௫ 

𝐶5: ෍ 𝑃௜ ൌ 1

ே௏೙

௜ୀଵ

 

 
The problem in Eq. (15) is nonlinear; to facilitate the 

solution of it, we proposed the IMSCLB as described in 4.   

4) The proposed IMSCLB  

The methodology proposed in this model focuses on 
predicting the availability of free ch in N using a 
combination of LSTM and CNN deep learning models as 
shown in Fig. 6. The goal is to enable efficient LB by 
allowing RATs to make informed decisions regarding 
connection requests based on caching availability 
predictions and service required before the connection 
request is initiated.  This methodology utilizes historical 
channel usage and available data stored in the cloud for 
online prediction based on the offline training of the 
IMSCLB according to the dataset generated from the 
simulation scenario.    

The proposed block diagram shown in Fig. 6 starts by 
entering the dataset gathered from the simulation scenario 
to the CNN convolutional layer, activated by relu, and has 
128 filter orders. The flatten layer converts data after CNN 
from matrix form to vector form suitable for LSTM 
sequence input. The time step layer follows the flatten 
layer to select one element by one to enter the LSTM, 
which has 40 units as the total simulation time is 100 s. A 
fully connected layer as an output of the LSTM is activated 
by relu followed by the dropout layer with a rate of 0.5 
because the classification layer is a two-label classifier. 
The classification labels are (connection) or (no 
connection) to the chosen RAT.  

 

 

Fig. 6. LSTM-CNN block diagram proposed. 
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The IMSCLB algorithm offers a data-driven approach 
that leverages historical data and patterns to make accurate 
and personalized RAT selection predictions. The purpose 
of using LSTM is to perform sequence learning. LSTM 
networks excel in learning from sequential data, making 
them well-suited for RAT selection prediction. By 
capturing dependencies and long-term patterns in network 
and vehicle behavior, LSTM enables accurate predictions 
based on temporal information. However, the purpose of 
using CNN is spatial feature extraction. CNNs are 
renowned for their ability to extract spatial features from 
input data. In the context of RAT selection, CNNs can 
process information from the generated dataset, such as 
RSSI, the data rate required, the type of RAT, the vehicle’s 
position, and the necessary services. The model can make 
informed decisions regarding RAT selection by learning 
relevant spatial features. 

The IMSCLB dataset was synthetically generated with 
50 vehicles operating over n, ac, and ad RATs, covering 
speeds from 1 to 50 m/s and service requests for safety, 
traffic, and information. A total of 100,000 samples were 
created, each capturing instantaneous vehicle positions, 
RAT connectivity, service demand, and queue backlog. 
The dataset size ensures robust CNN-LSTM training while 
keeping computational overhead manageable, with dataset 
generation and preprocessing completed within 2 hours. 
This process provides sufficient diversity to capture 
typical urban and highway scenarios, allowing the 
predictive model to accurately anticipate RAT load and 
support real-time load balancing decisions. 

The first step of using the proposed IMSCLB is to 
generate the dataset. The dataset used in this model was 
gathered by simulating the three simulation scenarios in 
this work. The dataset generated consists of 17 features: 
[𝜑ሺ𝑘௜ሻ, vi, £௜

ே, TTLN, di, and NV for each service], where 
NV is the number of vehicles connected to each RAT. The 
correlation coefficient of two random variables measures 
their linear dependence. If each variable has M scalar 
observations, then the Pearson correlation coefficient, 𝜌, is 
defined as: 

𝜌ሺ𝐴, 𝐵ሻ ൌ
ଵ

ெିଵ
∑ ቀ

஺೔ିఓಲ

ఙಲ
ቁெ

௜ୀଵ ቀ
஻೔ିఓಳ

ఙಳ
ቁ                (17) 

where μA and σA are the mean and standard deviation of A, 
respectively, and μB and σB are the mean and standard 
deviation of B. The correlation coefficient matrix, 𝑅 , of 
two random variables is the matrix of correlation 
coefficients for each pairwise variable combination as:  

𝑅 ൌ ൬ 
𝜌ሺ𝐴, 𝐴ሻ 𝜌ሺ𝐴, 𝐵ሻ
𝜌ሺ𝐵, 𝐴ሻ 𝜌ሺ𝐵, 𝐵ሻ ൰                (18) 

Since A and B are always directly correlated to 
themselves, the diagonal entries are just 1. For our dataset, 
the matrix R is given as:  

𝑅 ൌ ൭ 
1 ⋯ 𝜌ሺ𝐴ଵ, 𝐴ଵ଻ሻ
⋮ ⋱ ⋮

𝜌ሺ𝐴ଵ଻, 𝐴ଵሻ ⋯ 1
 ൱          (19) 

Fig. 7 displays the correlation matrix among all features 
utilized in the dataset. There’s a substantial correlation, 
approximately 0.55, between TTL outcomes and the 
position of each vehicle, as well as a strong correlation 
between TTL and the velocity of each vehicle. These 
correlations are expected since TTL relies on vehicles’ 
speed and position. Notably, a correlation reaches 0.8 for 
TTL results between departing ad RAT and neighboring n 
RAT. This correlation is sensible because vehicles 
departing from ad RAT would naturally prefer to connect 
with n RAT due to its wider coverage. 

Additionally, there’s a correlation between RSSI values 
and distance, which is logical as the distance between 
vehicles and RATs influences RSSI. Furthermore, a 
correlation of 0.6 exists between velocity and being “IN” 
service, which is reasonable since a vehicle requesting an 
IN service typically indicates higher speed. Lastly, there’s 
a correlation between Tr and Sf services, which makes 
sense in an intersection scenario where each vehicle may 
require both services from the RAT to navigate through 
traffic efficiently.     

  

 
Fig. 7. Correlation matrix for the dataset features. 
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The model’s fusion of LSTM and CNN enables it to 
simultaneously utilize temporal and spatial information. 
This integration allows for a comprehensive understanding 
of the network dynamics and user requirements, resulting 
in more accurate predictions of the optimal RAT 
connection. Besides, LSTM-CNN models can adapt to 
changing network conditions, vehicle demands, and 
channel characteristics. The models can continuously learn 
from real-time data, updating their predictions accordingly. 
This adaptability ensures the model’s effectiveness in 
diverse, dynamic V2X scenarios. 

The LSTM-CNN model can learn from individual user 
behavior and preferences, making it capable of providing 
personalized RAT selection recommendations. By 
considering factors such as service requirements, location, 
device capabilities, and historical usage patterns, the 
model can optimize the vehicle’s connection experience. 

The collected data undergoes preprocessing to ensure 
compatibility with the LSTM-CNN architecture. This 
preprocessing stage involves data normalization and 
splitting the dataset into training and testing sets for 
evaluating model performance. The splitting rate used is 
70/30. Once the model is trained, it undergoes evaluation 
using the testing dataset to assess its predictive capabilities. 
The fit curves between the predicted and actual channels 
are used to evaluate the model capability.  

 

 
Fig. 8. The IMSCLB algorithm workflow. 

With a trained and evaluated LSTM-CNN model, the 
methodology progresses to the actual prediction phase. 
The model is deployed and integrated into the RATs within 
the network. Each RAT continuously monitors the current 
state of the network and utilizes the trained model to 
predict the availability of free channels based on real-time 
data. This enables RATs to make informed decisions when 
handling connection requests, effectively balancing the 
load across the network. 

The methodology emphasizes continuous learning to 
ensure the accuracy and adaptability of the predictions 
over time. The LSTM-CNN model is periodically updated 
and retrained using newly collected data. This enables the 
model to adapt to changing network conditions and 

improve its prediction accuracy by incorporating more 
recent information. 

By employing the proposed methodology as shown in 
Fig. 8 and Algorithm 1, RATs in the network can leverage 
the power of deep learning to predict the availability of 
free channels. This enables efficient LB, optimizes 
resource utilization, and enhances overall network 
performance. With access to cloud-stored historical data 
and the capabilities of LSTM-CNN models, the 
methodology provides a robust and data-driven approach 
to address channel availability prediction challenges in LB 
scenarios. Also, it enhances the overall performance of the 
network based on throughput.  
 

Algorithm 1: MSCLB procedure  
1. Set T=100.  
2. Generate the first random distribution of k with Si for each 

k. 
3. k = 50. 
4. Determine SE the vehicle sends to the RAT based on 

location.  
5. Allow connection based on SE.  
6. Offload load from IEEE 802.11n RAT to IEEE 802.11ac, 

and from IEEE 802.11ac to IEEE 802.11ad RAT if 
needed.  

7. Count the number of vehicles that select the same RAT.  
8. Repeat steps 2 to 10 for each t.   
9. Calculate Throughput, PDR, and latency for each 

iteration. 
 

TABLE V. SIMULATION PARAMETERS 

Simulation parameter Value 
Simulation area (m2)  260 × 200 
No. of RATs 3 
No. of vehicles 50 
Vehicle speed (m/s) 1 to 50  
IEEE 802.11n position [90,125] 
IEEE 802.11ad position [90,80] 
IEEE 802.11ac position [200,90] 
Road width and height (m) 40 × 40 
Vehicles separation (m) 6 
Vehicle height (m) 1.5 
Simulation time (s) 100 
Services  Safety, Traffic, Information 
The data rate for services (Mbits/s) 0.5, 2, 10 
No. of lanes  4 (up, down, left, right)  
RATs specifications 
Modulation schemes  64-QAM 
Coding rate  ¾ 
Path loss model Friis propagation  
Transmit power (dBm) 30 
Rx noise figure (dBm) -90 
IEEE 802.11n height (m) 15 
IEEE 802.11ac height (m) 20 
IEEE 802.11ad height (m) 25 
CNN-LSTM model parameters 
Optimizer  Adam 
No. of epochs 5000 
CNN activation  Relu 
CNN filter order  128 
LSTM units 100 
Prediction output  9 
Drop rate 0.5 
Evaluation RMSE 

 
The parameters utilized in the simulation for this study 

are presented in Table V. The objective of the simulation 
is to enhance the network’s LB and calculate the 
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throughput, PDR, and latency of a network containing 
three different IEEE 802.11 RATs and three services 
required. The number of vehicles involved in the 
simulation is 50, and their speeds are constrained between 
1 m/s and 50 m/s. The selection of different data rates 
allows for the representation of diverse network 
configurations. Their distribution follows a Poisson 
distribution pattern to account for the random distribution 
of vehicles along the road.  

This paper considers three QoS performance metrics: 
Root Mean Square Error (RMSE) and satisfaction. The 
QoS metrics are throughput, PDR, and latency. 
Throughput measures the amount of data that can be 
transmitted through the network. It’s important to note that 
throughput is distinct from bandwidth, as the latter refers 
to the maximum capacity of the network channel. Actual 
throughput, denoted as Brx, may differ from the available 
bandwidth due to congestion and traffic within the network. 
Also, propagation losses significantly influence 
throughput value, which can significantly impact its 
magnitude. Throughput is calculated by [10]:  

𝐵௥௫ ൌ
଼ൈ஻௬௧௘ೝೣ

்ଶ೛ೌ೎ೖ೐೟ି்ଵುೌ೎ೖ೐೟
                              (20) 

where 𝑇2௣௔௖௞௘௧  means the time last Rx packet and 
𝑇1௣௔௖௞௘௧ means the time the first packet 

The second QoS performance metric is the PDR. PDR 
measures the percentage of packets successfully received 
at the destination compared to the total number of packets 
sent from the source, which could be either the vehicle or 
the road sink. The equation below illustrates the 
calculation of PDR [8]:  

𝑃𝐷𝑅 ൌ
௉௔௖௞௘௧௦ ௦௨௖௖௘௦௦௙௨௟௟௬ ௗ௘௟௜௩௘௥௘ௗ ௧௢ ௔ ௗ௘௦௧௜௡௔௧௜௢௡

௉௔௖௞௘௧௦ ௦௘௡௧ ௢௨௧ ௕௬ ௧௛௘ ௦௘௡ௗ௘௥
    (21)     

The third QoS performance metric is latency. Increased 
latency implies more losses and reduced efficiency from 
the sender to the receiver. Latency is the time elapsed from 
when the first bit is sent from the source of the entire 
message until it reaches the destination and completes the 
retrieval process. The latency is computed as [11]: 

Latency = Tp + Tt                            (22) 

where Tp is the propagation latency, and Tt is the 
transmission latency. Equation 11 assumes that queuing 
time during transmission and processing delay in the entire 
process is negligible. 

Root Mean Square Error (RMSE) is also measured in 
this paper for the regression model deep learning training 
process [33]. It measures the average difference between 
the predicted values and the actual values, and it is 
calculated as 15]:  

𝑅𝑀𝑆𝐸 ൌ ටଵ

ே
ൈ ∑൫𝑌௣௥௘ௗ െ 𝑌௔௖௧௨௔௟൯

ଶ
            (23) 

where N is the number of the total data points, 𝑌௣௥௘ௗ is the 
predicted value of a point from the deep learning model, 
and 𝑌௔௖௧௨௔௟ is the actual value of the same point.  

Satisfaction measures the transmission efficiency of 
each N. In general, the satisfaction percentage measured 

the throughput achieved compared to theoretical 
throughput for each N as [12]: 

𝑆𝑎𝑡𝑖𝑠𝑓𝑎𝑐𝑡𝑖𝑜𝑛 ሺ%ሻ ൌ  
௠௘௔௦௨௥௘ௗ ஻௥௫

்௛௘௢௥௜௧௜௖௔௟ ஻௥௫
 ൈ 100%       (24) 

IV. SIMULATION RESULTS AND DISCUSSION 

A. Network Load Balancing  

This section details the discussion of simulation results 
derived from a scenario simulation. As previously 
mentioned, the simulation involves 50 vehicles scattered 
across the simulation area, as depicted in Fig. 9. The 
distribution of vehicles is achieved randomly, following a 
Poisson distribution commonly utilized in vehicular 
simulations. Furthermore, the model extends this 
distribution to simulate a more realistic scenario by 
incorporating a car-following model, which considers the 
actual dynamics of moving vehicles on the road.  

   

 
Fig. 9. Vehicles distribution based on the poisson distribution and the 

Car-following model. 

For the two primary connectivity scenarios utilized in 
Multi-RAT networks, RSSI-based connectivity, TTL-
based connectivity, and the proposed MSCLB, the LB 
results obtained from the network are illustrated in Figure 
10 within the simulation area.  

In Fig. 10, the load on IEEE 802.11n RAT, stemming 
from TTL-based connectivity, is notably higher than 
RSSI-based connectivity. This discrepancy is attributed to 
the extensive coverage of IEEE 802.11n RAT, enabling 
vehicles to maintain a connection even as they move away 
from the network, thus providing more time for connection 
to IEEE 802.11n RAT for each vehicle. Conversely, in the 
case of TTL-based connectivity, RSSI diminishes as the 
distance between the RAT and the vehicle increases. 
Vehicles with ample time to exit the RAT coverage remain 
connected to the same RAT based on TTL while becoming 
disconnected based on RSSI.  

This contrast is evident in the load distribution on ad and 
IEEE 802.11ac RATs. The number of vehicles connected 
to IEEE 802.11ac RAT based on RSSI increases from 2 at 
IEEE 802.11n RAT to 32 at IEEE 802.11ac RAT due to its 
intermediate coverage between IEEE 802.11n RAT and ad 
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RAT, along with enhanced directive beamforming 
capabilities.  

Consequently, despite the reduced coverage of ac RAT 
compared to IEEE 802.11n RAT, the number of vehicles 
connected to it based on TTL decreases, while the number 
of vehicles connected based on RSSI increases due to 
improved beamforming.  

Similar trends are observed for IEEE 802.11ad RAT, 
characterized by superior directive beamforming 
compared to IEEE 802.11ac RAT, and it has the lowest 
coverage within the network. Consequently, the number of 
vehicles connected to the ad RAT decreases from 32 to 16 
based on RSSI and from 6 to 4 based on TTL. The slight 
decrease observed in the TTL scenario is attributed to the 
relatively similar coverage between IEEE 802.11ac and 
IEEE 802.11ad RAT. 

   

 
Fig. 10. No. of vehicles connected to each RAT using RSSI, TTL, and 

MSCLB. 

This paper’s main contribution is to propose an LB 
scenario based on MSCLB for each RAT. As previously 
outlined, caching uses three proposed services: safety, 
traffic, and information. This suggested scenario enables 
vehicle connectivity to each available RAT in the network 
based on the specific requirements of each vehicle. As 
shown in Figure 10, the LB from applying the proposed 
MSCLB is distributed along all RATs.   

For instance, a vehicle at an intersection prioritizes 
safety service from the nearest RAT over information 
service, whereas a vehicle traveling on an open road with 
no imminent danger prioritizes information service over 
safety. Additionally, a vehicle passing another vehicle 
necessitates traffic service to stay informed about road 
conditions. Fig. 11 illustrates the LB scenario based on 
caching among the three available RATs. It is evident that 
n RAT, owing to its extensive coverage, accommodates 
the highest number of connected vehicles needing safety 
services. This is logical as safety services require broad 
coverage for simple connectivity, a feature provided by n 
RAT despite not requiring high data rates.  

The ac network lies midway between n RAT and ad 
RAT, accommodating traffic services that some vehicles 
require. In this scenario, instead of n RAT bearing the 
burden of vehicles requiring traffic services exclusively, 
the load is distributed to the IEEE 802.11ac RAT thanks to 

its higher data rate capabilities. Information services are 
predominantly hosted by ad RAT, with an increasing 
demand for traffic services.  

This alignment is highly advantageous since 
information services necessitate high data rates, which ad 
RAT can provide. LB in the caching scenario facilitates 1) 
distributing the load across all networks based on the 
required service, 2) allowing space for more vehicles to 
connect to each RAT based on service, and 3) offloading 
connections from RATs once the service requirement is 
fulfilled, thereby minimizing load on each RAT in a 
shorter duration.         

  

 
Fig. 11. LB by service between vehicles based on MSCLB. 

B.  LB Throughput   

Fig. 12 depicts the network throughput for each LB 
scenario concerning all RATs. Fig. 12(a) shows the 
throughput for the n RAT. The optimal throughput, at 88 
Mbps, is achieved in the MSCLB. Across all scenarios, 
throughput diminishes as vehicle speeds increase, thereby 
elevating the connection and disconnection rates within the 
network.  

A significant observation from Fig. 12(a) is the 
considerable degradation in throughput in the TTL 
scenario, dropping to 46 Mbps, notably lower than the 
throughput in the RSSI scenario. This decline is logical as 
the increased vehicle speed results in more vehicles 
leaving the RAT coverage area, leading to a degradation in 
throughput. It’s important to note that the majority of 
vehicles connected to n RAT are primarily for safety 
services, which do not consume substantial throughput 
available.    

Fig. 12(b) illustrates the throughput of the ac RAT, 
revealing an uptick in throughput from the TTL scenario 
and a corresponding decrease in throughput from the RSSI 
scenario. The optimal throughput, reaching 498 Mbps, is 
observed in the caching scenario. This enhancement stems 
from the LB strategy implemented for the ac RAT across 
each scenario. In the RSSI scenario, there’s an increase in 
the number of vehicles connected to the ac RAT, as 
depicted in Fig. 10, resulting in reduced required 
throughput.  
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Conversely, in the TTL scenario, there’s a decrease in 
the number of vehicles connected, leading to an increase 
in throughput provided by the RAT. In the caching 
scenario, the number of connected vehicles increases, as 
shown in Fig. 11, primarily for traffic services, thus 
yielding the highest throughput. Notably, the disparity 
between the TTL and caching scenarios is merely 10 Mbps, 
attributable to the demand for traffic services and some 
safety services from this RAT.  

 

(a) 

 

(b) 

 
(c) 

Fig. 12. Total throughout for (a) IEEE 802.11n: (b) IEEE 802.11ac, (c) 
IEEE 802.11ad. 

Fig. 12 (c) illustrates the throughput for the ad network. 
A significant observation is the minimal disparity of 10 

Mbps between the throughput from the TTL and caching 
scenarios. This can be attributed to this RAT type’s high 
directivity and data rate. As vehicle speeds increase, the 
time available for connectivity diminishes, prompting new 
vehicles to connect to RATs offering the required services. 
Vehicles traveling at high speeds prioritize information 
services over traffic or safety services. Consequently, they 
tend to connect to ad networks primarily for information 
services. As a result, the number of vehicles connected to 
RAT n decreases, reducing throughput, as depicted in  
Fig. 12(c).  

C.  LB PDR   

Fig. 13 (a) illustrates the resultant PDR stemming from 
communication utilizing n RAT. It’s important to note that 
the bandwidth of n RAT is limited and experiences 
degradation as the number of vehicles connected to it rises. 
Consequently, the connection scenario based on RSSI falls 
between the TTL and caching scenarios. This is because 
the wide coverage of this RAT leads to a higher number of 
connected vehicles than those solely based on RSSI.  

The fewer connected vehicles in this RAT scenario 
facilitate data exchange with fewer errors, enhancing the 
PDR. The caching scenario demonstrates the highest PDR, 
approximately 0.99, as vehicles are evenly distributed 
across the service, meeting each vehicle’s demand.  

Fig. 13 (b) depicts the PDR originating from the ac RAT. 
The PDR drops to 0.69 in the caching scenario compared 
to the value obtained from the n RAT. This decline can be 
attributed to the increased demand for traffic and 
informational data in this RAT, facilitated by its broader 
bandwidth. Consequently, the rise in vehicles accessing 
this RAT leads to higher data delivery errors.  

Another noteworthy observation from this RAT is that 
the RSSI scenario yields the lowest PDR value, 
approximately 0.5, as the number of vehicles accessing 
this RAT increases, and each vehicle’s needs transition 
from safety services to traffic and informational data. 

The same conclusion drawn from the PDR analysis of 
the IEEE 802.11ac RAT also applies to the IEEE 802.11ad 
RAT, as depicted in Fig. 13(c). This similarity arises from 
both RATs offering ample bandwidth for fulfilling traffic 
and informational needs. However, the distinction lies in 
the higher PDR ratio observed in the caching scenario due 
to the broader bandwidth provided by the IEEE 802.11ad 
RAT compared to the IEEE 802.11ac RAT. In this 
scenario, the PDR ratio increases to 0.88, representing a 
19% increase over the PDR ratio of the IEEE 802.11ac 
RAT connection. Another contributing factor to this 
outcome is the high directivity of the ad RAT beam, 
resulting in reduced interference and transmission errors. 

It is clear that the PDR follows a consistent trend across 
RATs: the RSSI-based method exhibits the lowest PDR, 
TTL shows moderate performance, and the proposed 
model attains the highest PDR. Notably, IEEE 802.11ad 
achieves a slightly higher PDR than IEEE802.11ac but 
remains below IEEE802.11n, reflecting its directional 
nature and increased susceptibility to noise and 
interference. 
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(a) 

 
(b) 

 
(c) 

Fig. 13. Total PDR for (a) IEEE 802.11n, (b) IEEE 802.11ac, (c) IEEE 
802.11ad. 

D. LB Latency   

Regarding latency, Fig. 14(a) illustrates the overall 
latency experienced by the n RAT in managing vehicle 
connections. As vehicles move farther from the RAT, 
propagation delay increases, resulting in higher latency. 
This explains why the TTL scenario exhibits the highest 
latency compared to other scenarios [40].  

Conversely, the caching scenario demonstrates the 
lowest latency due to minimal propagation and 
transmission delays. These reduced latency values stem 
from the RAT connection being determined by service 
requirements rather than RSSI or distance from the RAT, 
as in the TTL scenario. The latency associated with the 
caching scenario is 18 milliseconds.  

In Fig. 14(b), enhancing the beamwidth directivity, 
communication speed, and coverage area of the ac RAT 
results in decreased latency. Despite these improvements, 
latency remains lowest in the caching scenario at 3.21 

milliseconds compared to the n RAT. Additionally, the 
TTL latency decreases to 3.26 milliseconds due to the 
reduced coverage of the ac RAT. 

Fig. 14© illustrates the overall latency analysis for the 
IEEE 802.11ad RAT. Similar conclusions can be drawn 
from the latency findings of the ac RAT, albeit with 
reduced latency values, particularly evident in the caching 
scenario where latency decreases to 1.61 compared to that 
of the ac RAT in Fig. 14(b). This reduction can be 
attributed to the decrease in the coverage area of the IEEE 
802.11ad RAT and the simultaneous increase in data rate 
and directivity.  

 
(a) 

 
(b) 

 
(c) 

Fig. 14. Total latency for (a) IEEE 802.11n (b) IEEE 802.11ac (c) IEEE 
802.11ad. 

E. IMSCLB Evaluation    

Fig. 15 shows the satisfaction rate between IMSCLB 
and MSCLB. The IMSCLB outperforms the MSCLB 
because of the prediction capability of the IMSCLB to 
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predict the throughput required for each RAT at each new 
time. This enhances the overall throughput value of each 
RAT, which means enhancing the LB in the network and 
enhancing the ability to serve more vehicles 
simultaneously, especially in a highly dense network.  

Fig. 16 depicts the IMSCLB scheme employed for LB. 
The figure indicates that the CNN-LSTM model 
effectively predicted the load on each RAT, achieving an 
RMSE value of 0.213. This value falls below 4, a threshold 
commonly acknowledged as indicative of predictive solid 
performance in related literature. With a RMSE of less 
than 1, the prediction accuracy notably improves. 

The proposed MSCLB and IMSCLB schemes 
demonstrate superior performance compared to the 
SOLMC RAT selection approach [12]. While SOLMC 
achieves up to 47.5% improvement in network throughput 
and 20.42% enhancement in packet delivery ratio over 
nearest-RAT selection, MSCLB provides higher 
throughput across all RATs, reaching 88 Mbps for IEEE 
802.11n RAT and 498 Mbps for IEEE 802.11ac RAT, with 
a PDR up to 0.99. The IMSCLB scheme further improves 
these metrics by incorporating predictive load balancing 
using a CNN-LSTM model, achieving an 8% throughput 
increase over MSCLB, lower latency, and more balanced 

service-specific load distribution. These results indicate 
that IMSCLB efficiently manages multi-RAT, multi-
service vehicular traffic, offering more reliable and high-
performance V2I communication under high-mobility 
conditions. 

 

Fig. 15. Satisfaction rate between IMSCLB and MSCLB.

 
Fig. 16. RMSE for the training data. 

The computational complexity of the proposed 
IMSCLB scheme arises from two main components: the 
CNN-LSTM predictor and the caching-based RAT 
selection. For the CNN, with 𝐿௖convolutional layers each 
having 𝐹௟ filters of size 𝐾௟ ൈ 𝐾௟ and input channels 𝐶௟ିଵ , 
the FLOPs are calculated as: 

 

FLOPsCNN ൌ ෌ 𝐻௟𝑊௟𝐹௟𝐾௟
ଶ𝐶௟ିଵ

௅೎

௟ୀଵ
                    (25) 

 

where 𝐻௟and 𝑊௟are the height and width of the feature map 
at layer 𝑙 . For the LSTM with 𝑇 time steps, 𝑛in input 
features, and 𝑛௛ hidden units, the FLOPs per step are: 

 
FLOPsLSTM ൌ 4 ൈ 𝑛௛ ൈ ሺ𝑛in ൅ 𝑛௛ ൅ 1ሻ         (26) 

 
 yielding a total for all time steps: 

 
FLOPsLSTM-total ൌ 𝑇 ൈ 4 ൈ 𝑛௛ ൈ ሺ𝑛in ൅ 𝑛௛ ൅ 1ሻ     (27) 
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 Thus, the total FLOPs for the predictor are: 
 

FLOPspredictor ൌ FLOPsCNN ൅ FLOPsLSTM-total  (28) 
 
For the caching-based RAT selection, assuming 

𝐾 vehicles, 𝑁 RATs, and 𝑆𝐸 services, the complexity 
scales linearly as: 

 
FLOPsRAT-selection ൌ 𝑂ሺ𝐾. 𝑁. 𝑆𝐸ሻ.                   (29) 

 
Consequently, the overall IMSCLB complexity is: 

FLOPsIMSCLB ൌ FLOPspredictor ൅ FLOPsRAT-selection (30) 

This is significantly more efficient than conventional 
optimization-based LB schemes, which can have 
exponential complexity 𝑂ሺ𝑁௄ ൈ 𝐼ሻ for 𝐼 iterations. 
Therefore, IMSCLB offers scalable real-time performance 
while maintaining near-optimal load balancing across 
multi-RAT vehicular networks. 

V.   CONCLUSION 

This paper presents and validates the IMSCLB scheme 
to address the simulated congestion and load balancing 
challenges in multi-RAT V2X communication. By 
dynamically selecting the optimal RAT based on the 
selected service needs and integrating service-aware 
caching with a CNN-LSTM model, IMSCLB improves 
network QoS and achieves an 8% throughput gain over 
MSCLB. The study faced limitations due to the lack of 
real-world datasets, requiring extensive synthetic data 
generation and validation, the need to balance accuracy 
with real-time processing, the scalability to larger 
vehicular networks, simplifying assumptions in mobility 
modeling, and the practical feasibility. Future work will 
focus on overcoming these limitations, exploring non-line-
of-sight communication for greater robustness, and 
extending the model to support cooperative V2V load 
balancing for enhanced network resilience. 
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