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ABSTRACT

Cooperative Spectrum Sensing, Cognitive Radio, VANET, Gradient Boosting Machine, Link Reliability, Machine
Learning. The current study provides a Gradient Boosting Machine-based model for carrying out estimations of reliability
and mobility that utilizes Cooperative Spectrum Sensing and machine learning to boost the flexibility and robustness of
vehicular communication. In order to estimate reliability while considering various vehicular and spectrum conditions, this
model utilizes a wide variety of characteristics, including vehicle speed, Received Signal Strength, Signal-to-Noise Ratio,
and local sensing decisions. The GBM algorithm, which is a combination of several weak classifiers, also provides better
prediction accuracy compared to traditional classifiers like Decision Tree (DT) and Random Forest (RF) in terms of
nonlinear relationships between the characteristics of mobility and communication. Simulation results using the SUMO
and NS-3 scenarios have demonstrated the effectiveness of the proposed GBM model with a higher accuracy of 94.6%, a
lower RMSE of 0.042, and a higher ROC-AUC of 0.96. Throughput, link reliability, and Quality of Service (QoS) may all
be improved by combining CSS with ML-based prediction to enable more intelligent spectrum decision-making. In order
to support autonomous driving, safety-critical communication, and real-time spectrum awareness, our study creates a
scalable basis for 6G-enabled intelligent automotive systems. Future research will concentrate on cross-layer optimization,
federated learning integration, and real-world validation to enable adaptive and energy-efficient CR-VANET
communication.
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SECTION I
INTRODUCTION

Reliable, high-capacity vehicular communication is in
high demand due to the exponential expansion of
connected and autonomous cars. Cellular networks and
traditional ~ dedicated short-range communication
(DSRC) are unable to effectively manage dynamic,
location-dependent spectrum scarcity. A potential
paradigm that allows secondary users (SUs) to
opportunistically access licensed bands without
interfering with main users (PUs) is called cognitive
radio (CR) [1],[2]. Vehicles may dynamically take
advantage of spectrum possibilities by integrating CR
with Vehicular Ad-hoc Networks (VANETS) to create
Cognitive Radio VANETSs (CR-VANETS). This greatly
improves bandwidth wusage and communication
dependability in intelligent transportation
systems.[3],[4].

Spectrum sensing, which identifies channel availability
by detecting PU activity, is a basic procedure in CR-
VANETs. However, fading, shadowing, and noise
uncertainty are problems with single-node sensing that
are made worse by ambient heterogeneity and vehicle
motion. Cooperative Spectrum Sensing (CSS) combines

sensing information from several nodes to detect PUs
more precisely in order to remedy this.[5],[6]. However,
CSS is faced with challenges such as latency in reports,
instability of control connections, and spatial
irregularities in fast-moving vehicles [7][8].

In addition, the high vehicle mobility reduces the
reliability of the link due to the dynamic topology of the
network and the fast signal fluctuations, which decrease
the lifespan of the connections as well as the decisions
made by the sensor. The signal to noise ratio changes as
well as the disconnections reduce the sensor transmission
rates. Reliable mobility and link estimation techniques
are therefore essential for proactive spectrum access and
consistent communication in CR-VANETS [9], [10].

The application of machine learning (ML) to link-quality
prediction and spectrum sensing has expanded
significantly. Data-driven modelling is used by ML to
improve decision accuracy in the face of uncertainty
[11], [12].Nonlinear connections between channel
characteristics and PU activity have been extracted using
deep learning architectures like CNNs and LSTMs [13].
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Lightweight alternatives that can effectively infer at the
network edge are motivated by the fact that these models
are computationally costly and inappropriate for low-
latency automotive devices [14].

Gradient Boosting Machines (GBMs), such as XGBoost,
LightGBM, and CatBoost, provide a convincing trade-
off  between  accuracy, interpretability, and
computational cost among ensemble machine learning
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Figl. Process for measuring mobility and link
reliability using CSS and machine learning methods
in CR-VANET utilizing Graidiant Boosting
Machine(GBM)

There are still few integrated systems that combine CSS
outputs with mobility-aware GBM-based link reliability
gap, this research suggests a mobility-aware GBM
framework that predicts both short-term channel
availability and link dependability by combining
cooperative sensor outputs with vehicular dynamics. In

Problem Statement

The major issue this project seeks to address is:

How can cooperative spectrum sensing and machine
learning techniques be employed to estimate the
reliability of a vehicular communication link, as defined

Key challenges include:

High mobility and topology changes: Vehicles tend to
have high mobility rates, which often leads to
disconnections or unpredictable connection intervals.
Spectrum dynamics and uncertainty: In the CR
environment, channel availability is highly dynamic and
unpredictable, with the results of cooperative sensing
possibly being unclear or delayed.

Complex relationships between the mobility features
(speed, relative distance), neighbour density, channel

techniques [15]. Tabular, heterogeneous information
including received signal strength, SNR, mobility
indicators (speed, direction change, distance), and
packet-loss statistics are well handled by GBMs [16],
[17]. GBM models have proven to be highly predictive
in traffic prediction, signal-quality assessment, and
routing optimization in wireless and vehicular systems
[18], [19].

prediction for CR-VANETS, despite advances in CR and
ML. The majority of previous studies either (i) use
traditional statistical models that exclude mobility
characteristics or (ii) depend on deep networks that are
expensive and hard to train [20]. In order to close this

highly mobile CR-VANET contexts, the suggested
approach facilitates proactive spectrum access, lessens
interference to PUs, and enhances link reliability and
routing efficiency.

by the probability of continuing connectivity, under a
CR-VANET environment, with consideration of the
effects of high mobility, channel conditions, and
spectrum availability?

occupancy, as well as link quality metrics such as SNR
and RSSI, exhibit non-linear relationships.

Real-time requirements: For the purposes of routing or
link selection decisions in CR-VANETSs, the accuracy,
efficiency, and generality of the link reliability
estimation should be high.

Research Contributions:

For the purpose of estimating the mobility and reliability
of the links in CR-VANETS, the current article uses a
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Gradient Boosting Machine method, which incorporates
mobility/link quality feature data and CSS data.

Among the main contributions of the current article, the
following may be listed:

Integration of Multi-Source Features:

We gather data from various sources of vehicle mobility
(speed, distance, neighbor density), channel/link quality
(SNR, RSSI), as well as cooperative spectrum sensing
(channel occupancy, detection/false alarm probability).
This provides a complete feature vector as input to the
reliability prediction model.

Machine-learning based reliability estimator:

We have chosen the GBM approach as it offers non-
linear modeling, noise tolerance, as well as feature
importance analysis. We compare it with basic
approaches based on individual Decision Trees as
estimators.

Performance Evaluation & Comparison:

We simulate the CR-VANET environment, evaluate the
superiority of the GBM model over basic approaches in
terms of metrics (accuracy, Fl-score, ROC/AUC), as
well as feature importance analysis to evaluate the
parameters contributing maximally to the reliability of
the links.

Implications of the model in routing/link selection:
The model offers a probabilistic reliability score of the
links, allowing better route/link selection in CR-
VANETS by addressing the dynamic interaction between
spectrum resources & vehicle mobility.

Paper Organization:

The rest of the paper is organized as follows: In Section
11, the literature on CR-VANETS, prediction of mobility,
cooperative spectrum sensing, and link reliability
estimation using ML techniques is extensively
discussed. In Section III, the problem formulation,
feature set, and system model have been discussed. In
Section IV, the training process and proposed GBM-
based estimation technique have been discussed. In
Section V, the model comparison, results, and simulation
have been depicted. In Section VI, the limitations of the
paper have been discussed, along with the future work.
Finally, the investigation is completed in Section VII.

Novelty of the Proposed Framework

Though there have been some works on the applications
of Gradient Boosting Machine (GBM) for networking
and wireless communication, the proposed work is
unique and has an integrated framework especially
designed for Cognitive Radio Vehicular Ad-hoc
Networks (CR-VANETS). The novelty of the proposed
work is the integration of cooperative spectrum sensing,
vehicular mobility, and wireless communication quality
into a single machine learning model. The innovative
features of the proposed work are as follows:

A GBM-based wireless communication link reliability
prediction model for CR-VANET environments,
especially for the integration of mobility.

Integration of mobility and communication quality along
with cooperative spectrum sensing.

A single machine learning model for proactive routing
and spectrum access decisions, especially for predicting
wireless communication link reliability.

Hybrid SUMO and NS3 simulation environment for
validating the proposed model, especially for simulating
realistic vehicular communication environments.

The proposed model for spectrum usage and wireless
communication link reliability prediction, especially for
the upcoming intelligent transportation systems, is based
on a more reliable and intelligent decision-making
framework.

SECTION IT

LITERATURE REVIEW

Cognitive Radio in VANETs (CR-VANETS)

In past research on CR, it was demonstrated how CR is
useful for vehicle networks, but it also identified some
challenges associated with CR, such as the need for
cooperative techniques with low latency, high mobility,
and fast channel reconfiguration. As challenges, these
works also address spectrum management, security, and
deployment constraints.[21]. Recent comprehensive
evaluations of cognitive radio and its connection to
vehicular networks emphasize the rising significance of
AI/ML strategies to control nonstationary spectrum
situations in CR-VANETs. [22].

Key takeaways:

Although CR offers spectrum agility, it necessitates
precise spectrum detection and coordination between
mobile nodes [21].

In order to integrate CR into VANETS, mobility-aware
spectrum access techniques, PU protection, and
cooperative decision fusion must be addressed [23].

Cooperative Spectrum Sensing (CSS)

A key component of CR systems is cooperative spectrum
sensing (CSS), which is especially crucial in automotive
situations when individual sensors have extremely
fluctuating SNRs and sporadic observations. While ML
and deep-learning techniques have lately gained
popularity to enhance detection under fading, noise
uncertainty, and non-Gaussian interference, traditional
CSS fusion rules (OR/AND/Voting, likelihood ratio
tests) are still helpful. In mobile and multiband
environments, multifeatured and learning-based fusion
techniques (CNNSs, attention networks, and GMMs) have
demonstrated enhanced resilience [24].

Representative recent works:

Neural network fusion and multifeatured for CSS that
enhances detection under various signal kinds [25].
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To manage heterogeneous PU signals and mobility, deep
and attention-based CSS is used for multiband vehicular
sensing [26].

Obstacles mentioned in the literature:

CSS reporting overhead and latency in fast-moving
vehicles [27].

Resilience to hostile actors and tainted reports (trust and
security in CSS) [28].

Predicting Mobility and Estimating Link Lifetime in
VANETSs

Because mobility dynamics have a significant impact on
route stability and connection dependability, predicting
vehicle mobility and link lifespan is a prominent area of
study interest. Techniques include statistical and
machine learning models (SVM, Random Forests, SVR,
XGBoost, neural nets) and physics/kinematic models
(relative speed and geometry). In order to prevent
leakage, recent empirical research supports time-aware
validation and data-driven link-lifetime prediction [29].

Key points:

For link lifespan and mobility prediction in diverse
traffic circumstances, machine learning models (such as
XGBoost and GBM variants) frequently perform better
than linear/statistical baselines [29].

Relative distance, speed, and direction-based Link
Lifetime (ELD) models offer comprehensible baselines
and perform well in straightforward situations [30].

Machine-Learning for Link Quality / Reliability
Estimation:

There has been a surge in machine learning techniques
for link-quality estimation (LQE) in wireless networks.
Empirical research and surveys demonstrate that
machine learning models are more effective than
threshold-based techniques in capturing the nonlinear
correlations between packet delivery/link reliability and
SNR/RSSI/LQI/time-series  characteristics. Because
class imbalance and decision costs vary by application,
community best practices include cautious feature
engineering (temporal windows, moving averages),
cross-scenario validation, and providing numerous
metrics (ROC-AUC, PR curves) [31].

Typical ML techniques used for LQE in wireless and
automotive settings:

Random forests and decision trees provide as quick,
understandable baselines [32].

High accuracy and feature significance analysis using
gradient-boosted tree families (GBM, XGBoost,
LightGBM, and CatBoost). Based on empirical research,

they frequently outperform numerous linear models and
single trees in noisy, nonlinear wireless scenarios [33].

For traffic/flow forecasting and temporal link-quality
prediction, deep learning (LSTM/Transformer) is helpful
when there are sizable labelled time-series datasets [34].

Ensemble & Boosting Methods in VANET/Network
Tasks:

Routing choices, anomaly detection, intrusion detection,
traffic prediction, and link prediction are among the
networking jobs that have seen a rise in the use of
gradient boosting algorithms (GBM, XGBoost, and
LightGBM). They are valued because

Simulating intricate nonlinear relationships (such as
SNR x speed x occupancy),

Resilience to noisy measurements, as well as

Feature importance computation and partial dependence
graphs for explainability are built-in [35].

Current uses of VANET/CAV:

For VANETSs and MANETS, boosted models are used for
resource availability prediction, intrusion/anomaly
detection, and routing metric learning [36].

Integrating CSS + Mobility + ML: State-of-the-Art

To evaluate link dependability in CR-VANETS, only a
small number of studies directly combine CSS results
with mobility and ML models. A few research suggest
learning-based CSS or spectrum-occupancy prediction,
but the majority handle CSS optimization and mobility
prediction independently and others suggest ML-based
link estimate or routing in VANETS; nevertheless, end-
to-end pipelines that include GBM link-reliability
estimation, mobility, and CSS are still unexplored.
Mobility-aware sensing and learning fusion together
with multiband CSS offer powerful incentives for
integrated systems [37].

Simulation Environments, Traces, and Datasets:

Mobility traces that are realistic and of high quality are
crucial. SUMO (mobility generation), Veins (OMNeT++
+ SUMO), NS-3 traces, actual traces like NGSIM and
Cabspotting, and community datasets on Kaggle and
GitHub are examples of common tools and datasets.
Curated VANET traces and recent public datasets make
it easier to evaluate ML algorithms for link stability and
CSS in a repeatable manner.

Research Opportunities and Gaps (Where This Work
Fits)

End-to-end CSS + mobility + GBM pipelines:

For probabilistic link dependability in CR-VANETS, few
research concurrently optimize CSS fusion, mobility
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characteristics, and ensemble ML; this integration is
obviously lacking [37].

Verification across scenarios:

To show generality, more assessments utilizing actual
and synthetic traces in other traffic regimes are required.

Explainability and instantaneous implementation:

Model compression and SHAP-based diagnostics are
necessary for securely (and explainable) converting
GBM outputs into routing choices on OBUs/RSUs [38].

CSS security and trust:

In cooperative sensing with ML model robustness,
handling hostile sensing reports (Byzantine/poisoning
assaults) is still not well studied [39].

SECTION 1
SYSTEM MODEL, FEATURE SET, AND ISSUE
FORMULATION

System Model Overview

The Cognitive Radio Vehicular Ad Hoc Network (CR-
VANET) technology that underpins the proposed system
allows vehicular nodes to dynamically sense, learn, and
employ underutilized spectrum bands without interfering
with licensed Primary Users (PUs). Every car has a
Cognitive Radio (CR)-capable On-Board Unit (OBU)
that can:

Cooperative Spectrum Sensing (CSS),
Mobility and Link State Measurement, and
Machine Learning (ML)-based Reliability Prediction.
Vehicles create a dynamic mesh of vehicular nodes by
communicating via IEEE 802.11p or Dedicated Short
Range Communication (DSRC) protocols. In order to
make a global spectrum choice, the fusion center (also
known as the cluster head or RSU) compiles local
sensing data. It also regularly distributes reliability
ratings to help with route selection and spectrum handoff
decisions.
Allow the collection of cars to be V=
V1, Uy, ..., Uy utilizing a variety of accessible channels
C=c,Cy .., Cy.
Every car does local sensing and sends a binary choice
d; € 0,1 to the centre for fusion (1 =PU detected, 0 =PU
absent). The global decision D,y under the OR-rule is
given by:
Pd(global) =1-— ?/:1(1 _ Pd(z)) , %(global) =1—
’ivzl(l - Pf(l) ,where Pd(l)and F}(L)are the local detection
and false alarm probabilities, respectively.
The link reliability between vehicles v;and vjat time ¢,
denoted as R;;(t), depends on mobility parameters,
signal quality, and channel conditions. The
communication link is considered reliable if the

predicted probability exceeds a reliability threshold 6,
Feature Selection Methodology
In vehicular communication networks, feature selection
is crucial for enhancing machine learning models'
accuracy and capacity for generalization. Mobility,
spectrum sensing, and connection quality parameters
were chosen in this work using both statistical relevance
analysis and domain expertise.

Candidate qualities were first found in three important
domains: wireless connection quality measures,
cooperative spectrum sensing indications, and vehicle
mobility characteristics. These characteristics were
chosen because earlier research has demonstrated that
link stability in VANET settings is significantly
influenced by mobility dynamics, signal quality
indicators, and channel occupancy circumstances.

After the identification of the potential characteristics,
feature relevance evaluation and correlation analysis
were conducted. The effect of each feature on the link
dependability 1label was identified through the
application of Pearson correlation coefficients and
mutual information metrics. To avoid overfitting, the
removal of the features with low correlation and
redundant information was conducted.

Recursive feature elimination (RFE) was also used in the
early study with tree-based models. RFE was used to
identify the relevance of each feature in the prediction
process. Based on the ability of the feature selection
method to improve the prediction accuracy while
maintaining the efficiency of the computing process, the
final feature set was identified.

The final feature set includes the following: the
parameters of the mobility of the vehicle (vehicle speed,
relative velocity, distance), the parameters of the
spectrum sensing (SNR, detection probability, channel
occupancy), the parameters of the link quality (RSSI,
SINR, packet delivery ratio), and the parameters of the
context (vehicle density, channel switching rate).
Together, these characteristics provide a complete input
field for link reliability prediction and represent the
dynamic aspects of CR-VANET situations.

Feature Set for Machine Learning Model

The multidimensional feature set used to train the
Gradient Boosting Machine (GBM) model captures
mobility, spectrum, and ambient features. The essential
elements for link dependability estimate are collected.
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Feature Feature Description
Category Name P
Local detection
probability,
false alarm rate,
Py, Pr, SNR and measured
SNR from
energy
Spec.trum detection.
ensing Channel Ratio of busy to
Features .
Occupancy idle slots
Ratio observed.
CSS Variability .of
. . local  sensing
Decision
. results among
Variance .
neighbours.
Instantaneous
Speed(v;) velocity of the
vehicle.
Speed
Relative difference
Velocity between
(Vo) communicating
Mobility nodes.
Features Euclidean
Distance distance
(dij) between
vehicle pairs.
Directional Headlng
difference
Angle
(16) between
vehicles.
Link Received signal
Quality RSSI strength
Features indicator.

Tablel. Feature Set for Machine Learning Model

The binary link reliability label is the output, or goal
variable

yij € 0,1, showing if the connection between v; and
v;remained constant during a later period of time At.

Issue Formulation

The goal is to simulate the feature set's nonlinear
mappingX = [x, X5, ..., X, ] and the likelihood that the
relationship will be reliable

R;j Implementing the GBM method.

The issue can be stated mathematically as:

R = fGBM(Xij) + ¢,
where fpumis the ensemble model that has been trained
€ depicts the noise in modelling.

Minimizing the cumulative loss function over all training

samples is GBM's optimization objective:
N

(Fy = argmin »" L(y;, F(x)))

i=1
When L is a convex loss that is differentiable, such as
logistic loss.

L(y,F(x)) =log(1 + e™F™®)
and the ensemble function following rounds of M
boosting is:
M
Fy(x) = Z Yinhm (%)
m=1

where h,,, (x)is the poor learner (decision tree) and
¥m is the pace at which learning occurs.

During prediction, the GBM output ﬁij represents the

probability of link stability.
A link is considered reliable if:
Ry;>6
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SECTION IV
PROPOSED
ALGORITHM
To improve link reliability, estimate under dynamic
mobility settings, the suggested approach incorporates
Gradient Boosting Machine (GBM) learning into the
Cognitive Radio Vehicular Ad Hoc Network (CR-
VANET) architecture. By learning nonlinear
correlations between mobility characteristics, spectrum
sensing data, and link quality measurements, the GBM
framework makes it possible to accurately forecast
dependable communication links and maximize
cooperative spectrum usage.

GBM improves generalization and robustness to
mobility-induced fading and uncertainty by repeatedly
building an ensemble of weak learners (regression trees)
to minimize prediction loss, in contrast to single-decision
models like Decision Trees (DT).

A differentiable loss function is iteratively minimized
using the GBM L(yi, Fm(xi)), where y; is the actual
objective (link reliability observed), and F,,(x;) is the
prediction made by the model after m iterations.

(Fo@) = argminy ) Lo V)
i=1

Ateverytimem=1,2,..,M:
The pseudo-residuals are calculated:
(Fom = — aL()’i:Fm—1(xi)) )
" 0Fp_1(x;)
Fit a learner who is weak h,,(x)(Decision Tree) to the
residuals.
Determine the best multiplier:

n
(Ym = argyminZL

i=1
\big (¥, Fin-1(x:)
+ Yhin (x)\big))
Revise the model of the ensemble:
(Fm(x) = Fm—l(x) + vahm(x))
where vis the learning rate (0.01-0.1).
Ultimately, the prediction model is:

Rij()= Fy (xij(t))

GBM-BASED ESTIMATION

where R; (1) denotes the estimated reliability of link
(i, at time t, and x;;(t)is the feature vector containing
mobility and spectrum parameters.

Categors Features Eescrlptlo
Speed,
acceleratio

Mobility i

(t (t), d;; (t -

Features @i(0), a (), dij(£) I\:;Elilc(iemter
distance
Local

Spectru o o) detection,

m P B

) d > IF > false alarm,

Sensing SNR;; (t) and

Features received

signal-to-

noise ratio

Neighbor

count
Topolog iv

) received

y N, (i),RSS;;,PL; signal
Features strength

path loss
Temmora Time index,

empo interval,

1 t, At, prev(R;;) historical
Features reliability

Table 2. Feature Set
Training Process:

Data Generation:
SUMO is used to simulate CR-VANET mobility traces
utilizing realistic models of vehicle movement and
spectrum occupancy.
Feature Extraction:
For each link (i,/), collect feature vector x;;(t) and
observed reliability R;;(t)computed as:

Ri;(t) = e~ ™
where 4;;(t)is the link failure rate.
Model Training:

Split data into training (70%) and testing (30%) sets.
Train GBM with hyperparameters tuned via grid search:
M = 200, max_depth = 5, v = 0.05
Depending on the regression or classification objective,

optimize for either RMSE or cross-entropy loss.
Performance Comparison:

Compare with SVM, Random Forest, and Decision Tree
models.

Metrics: ROC-AUC, Fl-score, MAE, RMSE, and
Accuracy.

GBM Hyperparameter Configuration
To optimize the predictive performance of the proposed
model, several key hyperparameters of the Gradient
Boosting Machine were tuned using grid search
optimization combined with cross-validation. The
objective was to identify parameter combinations that
minimize  prediction error while maintaining
computational efficiency.

The experiments' final hyperparameter setup is outlined
here:

Number of Trees (n_estimators): 150
Learning Rate: 0.05
Maximum Tree Depth: 5
Minimum Samples per Leaf: 10
Subsample Ratio: 0.8
Loss Function: Logistic Loss
Feature Subsampling Rate: 0.75

To guarantee the best model performance, grid search
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assessment was carried out across several parameter
combinations. In many vehicle mobility scenario, the
chosen design offered optimal trade-off between
prediction accuracy and model generalization.

Algorithm Pseudocode:

Algorithm 1: GBM-Based Mobility and Link Reliability
Estimation
Input: Training data D= {(x _i,y i) _{i=1} "N

Output: Final prediction model F M(x)

Initialize: F_6(x)=argmin _yX L (y_i, y)
Form=1 to M:
aL(;Vi’Fm—l(xi))]

0Fm—1(xp)
Fit regression tree: h _m (x)to {x _i,r _im}
Computey m=argmin yXL(y i,F {m-1} (x 1i)+y
h _m(x_i))
Update model: F m(x)=F {m-1} (x)+vy mh m(x)
End For
Return F M(x)

Compute pseudo-residuals: 1, = — [

SECTION V

SIMULATION SETUP, RESULTS, AND MODEL
COMPARISON

Simulation Environment

The suggested GBM-based link reliability estimate
model is assessed utilizing a hybrid NS-3 + SUMO +
Python framework and extensive simulations.

Vehicle movement and spectrum-sensing dynamics in a
Cognitive Radio Vehicular Ad Hoc Network (CR-
VANET) setting are both captured by the simulation.

Parameter Description / Value

Simulation 2000 m x 2000 m (urban grid
area scenario)

Number  of . .
vehicles 100-250 (variable density)
Vehicle .

speed 10-30 m/s (urban mobility)
Communicati 250 m

on range

Primary users 5

(PUs)

Secondary

users (SUs) 20-50

Spectrum 10 licensed channels (2.4-5
bands GHz)

Sensing 100 ms

interval

Mobility Intelligent Driver Model (IDM)
model with lane changes

Propagation Nakagami-m fading with path
model loss exponent 3.2

i\/lachlne Decision Tree (DT), Random
caming Forest (RF),
models

Gradient Boosting Machine
(GBM)
(global) (global)
Performance (Fy ) 5 )
metrics (R;j(®),ROC — AUC,F1 —
Score, RMSE, Accuracy

Table 3. Parameter Set for simulation

While NS-3 manages communication and spectrum
events, SUMO generates the mobility traces.

Determined parameters (velocity, distance, RSS, Py, Pr)
create the feature vectors that are input into the baseline
and GBM models, which are built in Python using scikit-
learn.

Evaluation Metrics:

The models are assessed using performance metrics for
both regression and classification:

RMSE =\/% s (R — Ry (t))z

TP+TN

Accuracy = (———————
TP+TN+FP+FN

)

2 xPrecision xRecall
F1-score = (—)

Precision+Recall
AUC = ([, TPR(FPR) d(FPR))

where ﬁij(t) is the predicted reliability and R;;(t)is
the ground-truth reliability.

Simulation Outcomes:

Detection and False Alarm Performance:

The likelihood of universal discovery global detection

probability Pd(g tobalincreased by 11.3% compared to the

Decision Tree baseline, although the false alarm rate
(Pf(global) decreased by 8.7%, indicating the improved
spectral uncertainty learning of GBM.

Link Reliability Estimation:

GBM outperformed Decision Tree (0.071) and Random
Forest (0.056) with a mean absolute error (MAE) of
0.042.

This enhancement results from GBM's capacity to use
gradient descent optimization to join weak trees.

Impact of Mobility:

The reliability R;;(t) remained above threshold 6 =
0.75for 85% of vehicle pairs in GBM, compared to 69%
in DT under high-speed conditions.

Computational Efficiency:

GBM's average inference time per sample was 3.1 ms,
falling below the real-time operational bounds for RSU-
based decision making.

Comparative Model Performance:
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Observation:

The GBM model's better bias-variance trade-off and
gradient-based optimization capacity are demonstrated
by its persistent outperformance of Decision Tree and
Random Forest in all assessment measures.

Feature Importance Analysis

To better understand the influence of different variables
on link reliability prediction, a feature importance
analysis was conducted using the inherent feature
ranking capability of the Gradient Boosting Machine
model. Based on the influence and frequency of each
variable in decision tree splits, tree-based ensemble
models provide feature significance ratings.

Signal-related characteristics like the Signal-to-Noise
Ratio (SNR) and the Received Signal Strength Indicator
(RSSI) were shown to have a substantial impact on the
prediction of connection dependability. As the mobility
would directly affect the length of the connection as well
as the stability of the signal, the other features such as
relative velocity and the distance between the vehicles
were also observed to be good predictors.

It was also observed that the contextual features such as
vehicle density as well as the channel occupancy ratio
would have an impact on the availability of the spectrum
as well as the congestion of the network. These features
would have an indirect impact on the connection
reliability through their effect on the level of interference
as well as the delay in the communication.

The following is a summary of the ranking of the features
as given by the GBM model:

1. Signal-to-Noise Ratio (SNR)
2. Received Signal Strength Indicator (RSSI)
3 Relative Vehicle Velocity
4. Inter-Vehicle Distance
5 Vehicle Density
6 Channel Occupancy Ratio
7 Packet Delivery Ratio

The feature importance analysis confirms that both
physical layer communication parameters and mobility
dynamics play critical roles in determining link
reliability in CR-VANET environments.

Scalability Analysis

Further tests were conducted by modifying the number
of cars in the simulation environment to check the
scalability of the proposed framework. In the same
environment, the density of the network was increased
from 100 to 250 cars within the same environment.

The findings reveal that the proposed model maintains
its prediction accuracy even when the density of the
network increases. The model is able to adapt to the
settings because it considers contextual data such as
density and channel occupancy, even when the density
increases, thus resulting in interference and dynamic
topological changes.

The proposed model is applicable to large-scale
vehicular networks, especially because the computing
cost increases linearly with the number of input samples.
Additionally, the average time for inferring the model
was less than 5 ms, thus satisfying the requirements for
vehicular communication systems, especially in the
congested settings that characterize urban intelligent
transportation systems.

The findings reveal that the proposed GBM-based
methodology for estimating the reliability of links has
the potential to scale well in the typical settings for urban
intelligent transportation systems.
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Performance Metric Distribution Across Models (CR-VANET Link Reliability Estimation)

Accuracy Comparison 1/RMSE (Normalized) Comparison

GoM GBM

34.8% 2.7%

33.4%
32.0%

Random Forest

Random Forest

F1-Score Comparison ROC-AUC Comparison

GBM GBM
339% 347%

318% 21%

Decision Tre ision Tr
< e v Decision Tree o

Random Forest Random Forest

SECTION VI
Real-World Deployment Considerations

The proposed system for link reliability prediction via
GBM may be incorporated with vehicle On-Board Units
(OBUs) and Roadside Units (RSUs) to implement it in
real-world environments. In real-world environments,
vehicle On-Board Units with cognitive radio technology
may collect spectrum sensing data, movement
information, and signal strength information on a regular
basis.

To implement the learned machine learning model, these
data may be sent to neighboring RSUs that can function
as edge computing nodes. The incoming feature vectors
may be processed on the RSU to predict link reliability
ratings in real-time. In order to assist with spectrum
access management, channel switching strategies, and
routing strategies, these predictions may be sent to
vehicles.

Gradient Boosting Machines may be implemented in
environments with limited processing power via edge
computing due to their computational efficiency. This
model may provide real-time decision-making in
intelligent transportation systems with inference times of
a few milliseconds.

The proposed system may also be integrated with newly
developed 5G and 6G vehicular communication
architectures. In these environments, distributed
machine learning models and edge intelligence are
increasingly being incorporated to improve network
reliability and efficiency.

LIMITATION AND FUTURE WORK

The proposed GBM-based link reliability estimation
model for CR-VANETSs has some drawbacks despite its
high precision. In addition, real-world uncertainties like
multipath fading, GPS errors, or hardware noise are not
accounted for as the evaluation is based on simulated
results. The model's use of static hyperparameters and
lack of consideration of cross-layer network properties
also limit its adaptability in dynamic vehicular networks.

Moreover, the high computational complexity of GBM
could be problematic in real-time data processing by
low-power devices on vehicles. Cooperative Spectrum
Sensing (CSS), by assuming all the nodes are fully
cooperative, takes a very idealistic approach by ignoring
any possible malicious or self-centered behaviors of
vehicles in different networks.

In the future, federated learning will be adopted as a
paradigm for distributed intelligence, combining
adaptive learning techniques as well as deep learning
techniques like LSTM or GNNs for better predictive
capabilities, while real-world validation will be
performed to evaluate the effectiveness of the model in
dynamic vehicular networks to ensure scalability and
reliability in next-generation 6G CR-VANETS.
SECTION VII

CONCLUSION

The paper proposed a model for the reliability of the
mobility link using the Gradient Boosting Machine
(GBM) algorithm in Cognitive Radio Vehicular Ad Hoc
Networks (CR-VANETS). The proposed model aims at
improving the stability of communication as well as the
efficiency of the spectrum. In the proposed model, there
is a combination of Cooperative Spectrum Sensing
(CSS) and Machine Learning. It was observed that the
proposed model works better than the Random Forest
algorithm and the Decision Tree algorithm in terms of
accuracy, Fl-score, and ROC-AUC. With the proposed
model, the nonlinear correlations between the
characteristics of the signal and the mobility link would
be effectively addressed. This would improve the
efficiency of the spectrum..
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