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UNLICENSED FM BROADCASTS

Abstract

Unlicensed FM broadcasting continues to pose significant risks to
national security, communication integrity, and regulatory
oversight, particularly in regions where radio remains a vital
means of public discourse. This study presents an intelligent,
parameter-based system for detecting and forecasting unauthorised
FM broadcasts, bypassing the limitations of traditional, content-
focused approaches. By integrating Support Vector Machine (SVM)
classification with Support Vector Regression (SVR) forecasting,
this work introduces a proactive monitoring framework that
transitions spectrum governance from reactive detection to
predictive enforcement. The system analyses key transmission
features—assigned frequencies, band occupancy, and stereo
multiplex—to distinguish between licensed and illicit broadcasts,
independently of content, language, or programming format.
Trained on regulatory data from Nigeria's National Broadcasting
Commission, comprising 22,971 raw FM spectrum records
collected from Abuja and surrounding states over three years
(2021-2023), and pre-processed into 3,169 samples, the model
achieved 99.96% accuracy, 100% recall, 100% specificity, and 0%
false alarm rate, surpassing existing benchmarks by 0.13%. While
this improvement may appear numerically modest, it holds
operational significance in large-scale regulatory scenarios where
even marginal gains prevent false enforcement actions and reduce
resource wastage. The integrated forecasting layer (RMSE=0.042,
MAE=0.031) enables pre-emptive identification of interference
patterns up to 12 months ahead, demonstrating strong predictive
alignment with 2024 interference cases. This work presents a
scalable, computationally lightweight, and data-driven solution for
spectrum monitoring. It applies beyond Nigeria to spectrum-
constrained developing regions, enhancing regulatory capabilities
in densely populated environments.

1.0 INTRODUCTION

Unlicensed Frequency Modulation (FM)
broadcasting remains a persistent threat to
communication governance, particularly in regions
like Nigeria, where radio is a primary means of
public communication and information dissemination
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[1]. FM radio, with its superior sound fidelity, wide
coverage, and ease of deployment, has long
dominated the audio-broadcast landscape, making it
a valuable tool for both legitimate and illegitimate
purposes [2]. However, when misappropriated, FM
broadcasts can be weaponised to incite violence,
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disseminate misinformation, and undermine national
security [3]. This necessitates robust monitoring
systems by regulatory agencies, such as Nigeria's
National Broadcasting Commission (NBC), to
manage spectrum use and clamp down on
unauthorised transmissions.

Traditional spectrum monitoring approaches, such as
manual inspections, signal triangulation, and content-
based identification, are increasingly inadequate for
real-time enforcement, especially in densely
populated and linguistically diverse regions [4],[5].
Reliance on audio content for detecting illegal
broadcasts introduces vulnerabilities due to
variability in languages, presentation styles, and
program formats [6]. These challenges have led to
the development of intelligent monitoring systems
that utilise machine learning to detect and classify
spectrum usage anomalies.

The main issue addressed in this study is the
insufficiency of current regulatory systems to
autonomously detect and predict unlicensed FM
interference using intelligent and predictive methods.
While previous efforts, such as Long Short-Term
Memory (LSTM)-based radio frequency
fingerprinting [7], a distributed speech recognition
system [8], exploration of audio fingerprinting [9]
and Specific Emitter Identification (SEI) techniques
[10] have achieved commendable detection rates,
often exceeding 95% accuracy. However, they are
often complex, computationally intensive and poorly
suited to dynamic regulatory environments [11].

Recent advances in hybrid deep learning models
[12],[13] and Al-assisted spectrum management
[14],[15] have further improved detection capabilities
but at the cost of increased computational overhead
and dependency on large training datasets.
Furthermore, most existing models do not align
closely with the operational logic of regulatory
authorities, limiting their applicability in enforcement
contexts.

To overcome these shortcomings, the current study
shifts from content-based detection to parameter-
based analysis by focusing on basic technical signal
characteristics like assigned frequency, band
occupancy, stereo-multiplex (MPX) presence, pilot
tones, and Radio Data System (RDS) signals—
features that remain constant regardless of language
or content [16]. Leveraging a Support Vector
Machine (SVM) model trained on data obtained from
Nigeria's National Broadcasting Commission, the
system classifies transmissions based on these
parameters, thus ensuring objective and scalable
enforcement [17],[18]. The choice of SVM is
justified by its robustness in handling small datasets,
faster execution time, lower computational
complexity compared to deep learning architectures,
and its capacity to generalise well in high-
dimensional spaces [19],[20]. Unlike hybrid models
require extensive feature engineering and multi-stage
training [12], the proposed SVM approach achieves
near-perfect classification with minimal pre-
processing and real-time inference capability.
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Figure 1: An illustration of the intelligent forecasting framework for unlicensed
FM spectrum real-time monitoring [Authors].

A unique contribution of this study lies in the
integration of a forecasting layer within the
monitoring framework. Unlike most existing
systems, which only detect interference post-
occurrence, this model predicts potential
unauthorised broadcasts using historical transmission
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trends, allowing regulatory agents to take proactive
enforcement measures [7],[21]. This transition from
reactive to anticipatory spectrum governance reflects
a substantial advancement in regulatory capability,
aligning with emerging paradigms in Al-driven
spectrum management [15].
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Figure 1 illustrates the intelligent forecasting
framework, which comprises two interconnected
stages: real-time SVM-based detection and SVR-
based temporal forecasting. This dual-layer
architecture enables both immediate alert generation
and strategic planning for enforcement operations.

In summary, this study aims to: (1) develop a
parameter-based SVM model for real-time detection
of unlicensed FM broadcasts, (2) introduce a
predictive mechanism for forecasting interference,
and (3) evaluate the system’s performance using
authentic regulatory data. The proposed approach
provides a scalable, efficient, and regulator-oriented
solution for modern broadcast spectrum monitoring.
The remainder of this paper is organised as follows:
Section 2 details the methodology; Section 3 presents
the system development and formulation; Section 4
presents the results and evaluation; and Section 5
concludes with implications and directions for future
work.

Table 1. Abuja Scanned FM Records.

20 METHODOLOGY
The proposed system operates as a two-stage
pipeline. In the first stage, an SVM classifier
distinguishes between licensed and unlicensed FM
transmissions,  enabling  real-time interference
detection. The second stage incorporates an SVR-
based forecasting module designed to predict
interference patterns up to one year in advance. Both
stages use the same engineered features, ensuring
consistency in model input and interpretability. The
detection stage produces immediate regulatory alerts,
while the forecasting stage supports strategic
planning for spectrum enforcement.
2.1 Data Pre-processing and Feature
Engineering
In the spectrum realm, a license's validity is tied to a
spectrum allocated for a period, usually five years in
broadcasting. This paper used this mandate to obtain
the licensee's technical details, including 2 kw
transmitter power, 200 kHz bandwidth, +75 kHz
frequency deviation, assigned frequency, and
directivity, as components of stations’ records shown
in Table 1.

Minimum Radio Maximum Radio
Year Available Detected Total Data
2021 18 36 7920
2022 19 34 7392
2023 19 36 7659

The raw dataset, obtained from the National
Broadcasting Commission (NBC) between 2021 and
2023 under a regulatory data-sharing agreement
(with public release subject to NBC’s approval),
consists of daily FM scan records from Abuja and its
surrounding states. Each record contains the station
identifier, assigned frequency, band occupancy,
percentage multiplex (MPX) signal level, pilot tone
presence, Radio Data System (RDS) status, and ON-
AIR/OFF-AIR/LOW signal flags. The dataset
selection was constrained by NBC's operational
monitoring  protocol, which prioritizes these
parameters for regulatory compliance verification.
Additional RF parameters, such as received signal

strength  variations,  Doppler  shifts, and
cyclostationary  signatures,  while  potentially
informative, were excluded due to NBC's

infrastructure limitations and the need for real-time
processing with minimal computational overhead
[22],[23]

The pre-processing pipeline follows five systematic
steps to ensure reproducibility:
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Step 1: Initial Filtering. Categorical attributes such as
the ON-AIR/OFF-AIR/LOW signal indicators are
one-hot encoded into separate binary variables,
transforming each categorical state into three binary

features (e.g., ON-AIR=1,0,0; OFF-AIR=0,1,0;
LOW=0,0,1).
Step 2: Missing Value Imputation. Missing

numerical values for MPX, Pilot, and RDS are
imputed with zeros to indicate absence, a domain-
justified approach since absent signals inherently
indicate  non-compliance with FM  multiplex
standards. This encoding approach aligns with
standard practices in RF interference classification,
which aim to preserve categorical semantics while
ensuring numerical compatibility with kernel
methods [24],[25],[23].

Step 3: Normalization. Continuous features—such as
assigned frequency, band occupancy, and MPX/Pilot
levels—are scaled to the range [0,1] using min—max
normalization defined in equation (1):
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¥ (norm) _ X = Xnin (1)
Xinax — Xmin

Step 4: Feature Vector Construction. To mitigate the
risk of overfitting to specific transmitters, station
identifiers are excluded from the model's features,
consistent with prior SVM-based RF monitoring
frameworks [26]. Each sample is ultimately
represented as a multi-dimensional feature vector
containing the normalized and encoded variables as
shown in equation (2):

(norm)
i) ,

X = band_occ(?w””), MPX (?10?‘!}‘1),

Pilot("°™™) RDS, ON, OFF, LOW] 2)

Step 5: Labelling. The binary target label y = 0 for
unlicensed/interference transmissions and y = 1 for
licensed/no interference signals. Since the dataset
exhibits a degree of class imbalance, particularly
with fewer unlicensed events, the model incorporates
class weighting in the SVM objective function, a
technique shown to enhance minority-class recall
without distorting data distributions [22],[27].

3.0 DEVELOPED SYSTEM

In FM broadcasting, classification relies on specific
transmission parameters. In Nigeria, licensed stations
operate within +100 kHz of their assigned
frequencies, using a 200 kHz bandwidth, and
maintain a frequency deviation peak of +75 kHz. The
multiplex (MPX) overshoot remains between 0% and
5% to ensure audio quality and regulatory
compliance. Deviations from these limits indicate
non-compliance, classifying stations as unlicensed or
unauthorised.

3.1 SVM Classifier Formulation

The modelling foundation of SVM begins with
feature extraction, labelling, and training. To set up
the binary classification problem, let the training
dataset consist of N labelled samples in (3).

D ={(X;,¥)} , X <R yc0.3 ©

Where x; represents the input feature vector derived
from spectral data (e.g., assigned frequency, band
occupancy, MPX, pilot, RDS indicators), and y;
denotes the class label indicating interference status
[11]. The detection model adopts a soft-margin,
kernelized SVM for binary classification, consistent
with its demonstrated success in radio-frequency
signal classification [24],[27]. Given a training set in
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equation (3), the primal optimization problem is
expressed in equation (4).

mm—uwu2 +CY N  wyctass &

styt(WTp (X)+b)=1-&;,1=1,..N,{=0,1=
1,...N, 4

where the regularization parameter C controls the
trade-off between maximizing the margin and

minimizing classification errors, and (2)vv.°'ass

1
represents the class-specific weights. The decision
boundary is computed according to equation (5).

1
maxy ¥ o - =
oC

> T T o i ik (%, )

st 0<Cwes Y oy, =0 (5)

with support vectors corresponding to «; 20. The
decision function for a test point X is:

§/=sgn(2aiyiK(xi,x)+bj. (6)

ies

Kernel functions explored in this study include
linear, polynomial, and radial basis function (RBF)
kernels as given in (7a)—(7c).

Linear:  K(x;,x;)=%,"Xj (72)

Polynomial: K (x;,x ) = (x,"xj +¢)° (7b)

RBF (Gaussian): K(X;,x;) =exp(- L X‘H) (7c)

Hyperparameters such as C, y, and polynomial
degree d are tuned using cross-validation, with the
RBF kernel often yielding superior generalization
performance [7],[28].

3.2 Kernel Selection and Hyperparameter
Tuning
To ensure optimal model performance, a

comprehensive grid search was conducted across
three kernel types using stratified 5-fold cross-
validation [29]. The hyperparameter search space
included: C: {0.1, 1, 10, 100, 1000}, y: {0.001, 0.01,
0.1, 1, 10}, Polynomial degree d: {2, 3, 4, 5}; and
Class weights: {None, 'balanced’, custom inverse
frequency weights}. Table 2 presents the
comparative  performance of each  kernel
configuration [29]
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Table 2: Performance comparison across different kernel functions

Kernel Optimal Accuracy Precision Recall F1-Score Training

Type Hyperparameters (%) (%) (%) (%) Time (s)

Linear C=10, 99.84 99.82 99.97  99.89 3.2
class_weight="balanced'

Polynomial C=100, y=0.1, d=3 99.91 99.89 99.99 99.94 8.7

(degree 3)

RBF C=10,v=0.1, 99.96 99.96 100 99.98 5.4

(Gaussian)  class_weight="balanced'

The RBF kernel demonstrated superior performance
across all metrics while maintaining reasonable
computational efficiency. The optimal configuration
(C=10, vy=0.1) was selected for final model
deployment. The 'balanced' class weighting strategy
effectively addressed the minority class without
requiring synthetic oversampling techniques such as
SMOTE [30].

3.3 SVR-Based Forecasting

Historical transmission records in Table 1 are used to
train the model on known instances of interference.
The predictive model assesses whether upcoming
transmissions align with licensed patterns. Anomalies
are flagged as probable interference events, enabling
regulatory authorities to take pre-emptive action. The
SVM detection and forecasting trend is shown in
Algorithm 1 below.

Algorithm 1: Training and Evaluation of SVM Detection + SVR Forecasting

Input: Raw FM scan records (CSV), train_ratio=0.8, k=5, lookback

Output: Trained SVM classifier, trained SVR forecaster, test metrics

1: Load dataset D; perform initial filtering -> D_filtered (N=3,169)

2: Encode categorical flags (ON/OFF/LOW) via one-hot; impute MPX/Pilot/RDS missing values with 0
3: Normalize continuous features using Min-Max (Eq. 1)

4: Construct feature vectors x; as in Eq. (2); create binary labels y;

5: Split D_filtered -> Dyrain, Drest (80/20) preserving stratification

6: For each kernel in {linear, poly, RBF}:

7. For each (C, gamma, degree, class_weight) in grid:

8: Perform stratified k-fold CV on Dyin

9: Compute mean F1-score; store best hyperparameters

10: Train final SVM on D_train with best hyperparameters

11: Evaluate SVM on Dst; compute Accuracy, Precision, Recall, F1, Specificity, FAR

12: Aggregate D to time slots t; compute temporal features z; (Eq. 8)

13: Split temporal data into train/validation/test (time order)

14: Tune SVR hyperparameters (C, gamma, epsilon, t) with rolling-window CV

15: Train SVR; forecast on test horizon; threshold forecasts using validation threshold

16: Report forecasting RMSE, MAE, and thresholded F1; compare with baseline (e.g., LSTM)

To predict interference trends, the study employs an
SVR model configured for time-series forecasting
[25],[31]. The input to the SVR consists of
temporally aggregated features over a look-back
window T, defined in equation (8). These features
include moving averages of band occupancy and
Received Signal Strength (RSS), counts of
unlicensed detections within the window, and
seasonal indicators such as month or weekday.

Let t index time (e.g., days of the month). For each
time slot t, we compute aggregated predictors z:.

@ © 2026 by the author(s). Licensee NIJOTECH.
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where T is a look-back window (e.g., 7 or 30 days).
The SVR solves:

. 1 2 *
Jpin. 2 lwl[? +C Xe(&e +&7)
st yi-(WTO(Z)+b) =€ +&,

WO @EZ)+b)-yi = e+&(, e, &6 =0 (9)

where Y, is the target (e.g., proportion of unlicensed
events in slot t) and ¢ is the SVR epsilon-insensitive
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tube. The SVR solves the e-insensitive regression
problem outlined in (9), where predictions are
continuous-valued probabilities of interference, later
thresholded to obtain binary forecasts. This method
enables regulators to identify likely periods of
unlicensed activity before they occur, thereby
supporting proactive enforcement measures [31].

3.4 Training,

Evaluation
The dataset is split into training and testing subsets
using an 80:20 ratio, with stratification to preserve
class proportions. For SVM classification, stratified
k-fold cross-validation (k=5) is used to select optimal
hyperparameters {C, vy, kernel,class weights}. For
SVR forecasting, time-series cross-validation with
rolling windows is employed to avoid temporal
leakage and tuning parameters {C, vy, €, 1} based on
the validation set.

Hyperparameter Tuning and

Model performance is evaluated using accuracy,
Precision, recall, Fl-score, specificity, and false
alarm rate (FAR) for detection, metrics widely used
in spectrum anomaly detection [7],[24]. Forecasting
performance is assessed using root mean squared
error (RMSE), mean absolute error (MAE), and F1-
score after thresholding, with receiver operating
characteristic (ROC) and Precision—-recall curves
plotted for interpretability [31].

The system is implemented in Python using the
scikit-learn library on Windows 10 with an Intel i7
and 8 GB RAM system. Random seeds are fixed to
ensure reproducibility. Given the modest dataset size
(3,169 samples), training the RBF SVM typically

completes within minutes on standard hardware,
[27]. Evaluation metrics utilize the confusion matrix
framework as follows:

Precision P is calculated as:
P=TP/(TP+FP) (10)

Recall R also called a detection rate, is calculated as:
R=TP/(TP+FN) (12)

F1-Score is defined as the harmonic mean of
Precision and Recall:

F1=2x(PxR)/(P+R) (12)

Accuracy A is:
(TP+TN)/(TP+TN +FP+FN) (13)

False Alarm Rate (FAR):
FAR =FP/(FP+TN) (14)

True Negative Rate (Specificity):
Specificity =TN /TN + FP (15)

40 RESULTS AND EVALUATION

This study presents the empirical results of the
proposed SVM-based detection model and SVR-
based forecasting framework. The evaluation covers
classification performance on 3,169 pre-processed
FM spectrum scan records, extracted from 22,971
records collected over three years. Metrics were
computed using both threshold-dependent and
threshold-independent  indicators  [25],[28],[31]

Yearly Distribution of Raw FM Spectrum Records
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Figure 2: Yearly distribution of raw FM spectrum records.
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Figure 2 summarises the dataset distribution by year.
The 2021, 2022, and 2023 scans contained 7,920,
7,392, and 7,659 records, respectively, with varying
levels of licensed and unlicensed transmissions
[32],[10].

4.1 Classification Performance

To assess the impact of class balancing strategies,
confusion matrices were generated both before and
after applying class weights. Figure 3 shows the pre-
balancing confusion matrix on the validation set,
revealing a bias toward the majority class (unlicensed
transmissions). The matrix indicates that while the
model achieved 97.33% accuracy before balancing, it

struggled to correctly identify licensed transmissions
(only 8 true negatives vs. 15 false negatives),
demonstrating the need for class weighting
intervention.

After implementing inverse frequency class
weighting in the SVM objective function (Equation
4), the model achieved balanced performance across
both classes, as demonstrated in Figure 4. This
balancing technique, widely adopted in imbalanced
classification problems [23], effectively addressed
the minority class underrepresentation without
requiring synthetic data generation.

Confusion Matrix Before Class Balancing (Validation ¢

600
500
Licensed | 8 2
E 400
=]
m
- =
—_ 4300 3
[
= o
]
<
- 200
Unlicensed 15
- 100
Licensed Unlicensed

Predicted Label
Figure 3: Confusion matrix before class balancing (validation set)

To ascertain the classification performance of this
research, the model was tasked with predicting 2024
using historical data. With the absolute counts:
{TN=10, FP=0, FN=1, TP=354}, the SVM classifier

achieved the following performance metrics shown
in Table 3, with 95% confidence intervals computed
via bootstrap resampling (1,000 iterations).

Table 3: Average Performance of the Developed System

Metrics

Performance(%) = 95% CI

Accuracy
Precision

Recall

F1-Score
specificity

False Alarm Rate

99.96 +0.08
99.96 +0.09
100 +0.00
99.86 +0.11
100 +0.00

0 +0.00

The results in Table 3 indicate an almost perfect
detection capability with a minimal false alarm rate,
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comparable to or exceeding recent high-performing
models [28],[27],[33]. The confusion matrix in
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performance across classes.

Figure 4 highlights the model’s balanced
g 10
2
5
@
=
(=
g
! 1
S
Licelnsed

Unlicensed

Predicted Label

Figure 4: Confusion matrix for the SVM classifier (post-balancing, test set)

This balance demonstrates the model’s ability to
correctly identify both unlicensed and licensed
transmissions without bias. Figure 4 presents the
Receiver Operating Characteristic (ROC) curve with
an Area Under the Curve (AUC) close to 1.0,

10r

08 [ e

0.4r P

True Positive Rate
Y

0.2} -"

00_" - AUC=10

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 4: ROC curve (AUC = 1.0).

4.2 Forecasting Performance and Comparative
Analysis

The SVR-based forecasting module

interference trends for one year ahead using

aggregated temporal features as described in

Algorithm 1. Performance was evaluated using Root

predicted

3 © 2026 by the author(s). Licensee NIJOTECH.
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confirming the classifier’s strong discriminative
power [24]. The Precision—-Recall curve in Figure 5
demonstrates consistently high Precision across
varying recall thresholds.

Precision-Recall Curve

— SVM Classifier

0.98} /

1.00¢

=
o
(=7

Precision

(=]
wr
8

0.92}

005002 024 06 08 L0

Recall

Figure 5: Precision—Recall curve.

Mean Square Error (RMSE), Mean Absolute Error
(MAE), and the F1-score after thresholding predicted
interference probabilities. This achieved
RMSE=0.042 and MAE=0.031 over the 12-month
test horizon, indicating tight adherence of predictions
to actual interference patterns, as shown in Figure 7.
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Interference Forecasting Trend (12-Month Horizon)
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Figure 7: Forecasting trend (12-month horizon).

The forecasted trends in Figure 7 closely follow
historical interference cycles, capturing seasonal and
regulatory event-driven variations [31],[34].

To establish the model's performance relative to

traditional machine learning approaches, a
comparative evaluation was conducted against
Random Forest (RF) [29]. Table 4 presents the
performance comparison.

Table 4. Comparison between SVM and random forest baseline

Model Accuracy  Precision Recall F1-Score Training Infl?irr:e]zce
[0) [0) 0] [0) i
(%) (%) (%) (%) Time (s) (ms/sample)
Random
Forest ~ 99.78+0.12 99.74+0.15 99.94+0.06 99.84+0.10 12.3 2.8
(n=100)
SVM 99.96+0.08 99.96+0.09 100+0.00 99.98+0.05 5.4 0.9
(RBF)
Statistical comparison using McNemar's test applications.

indicated that the SVM's superior recall (p=0.041)
and overall accuracy (p=0.038) were statistically
significant at 0=0.05. Furthermore, the SVM
demonstrated approximately 3x faster inference, a
critical advantage for real-time spectrum monitoring

Comparatively, the SVM classifier was also
compared with [7], a deep Long Short-Term Memory
(LSTM)-based baseline, which achieved 99.83%
accuracy at 107.8 MHz. Table 5 summarizes the
comparison.

Table 5: Comparative analysis of the existing system and the developed system

Metrics Developed Model

J. Maetal., (2020)

%Improvement

Accuracy 99.96%

99.83%

0.13%

From Table 5, the developed system outperformed
the existing system with a 0.13% improvement,
achieving 99.96% accuracy. Additionally, it has the
advantage of monitoring the entire FM radio
broadcast band, unlike the previous study, which
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focused on a single frequency (107.8 MHz).
Although 0.13% improvement is numerically slight,
it is operationally meaningful when applied to large-
scale regulatory monitoring. For instance, in a
monitoring scenario involving 10,000 daily scans
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across Nigeria's FM spectrum, a 0.13% improvement
translates to approximately 13 fewer
misclassifications per day, or nearly 5,000 prevented
false alarms annually [28],[33]. Additionally, the
proposed SVM model achieves computational
efficiency (5.4s training time vs. typical LSTM
training times exceeding 100s for similar datasets [7],

enabling rapid retraining and deployment in
resource-constrained regulatory environments.

Table 6 provides a critical comparison of the
proposed SVM approach with recent hybrid/deep
learning models for spectrum  monitoring,
highlighting trade-offs among accuracy,
computational cost, and scalability.

Table 6: Critical comparison of SVM with hybrid and deep learning models

Model Representative ~ Accuracy Key Advantages Key Limitations = Computational
Type Work Range (%) Overhead
Deep Ma et al. (2020) High accuracy for Smglg-f!requency High (GPU-

99.83 . focus; high
LSTM [7] single-frequency RFF S dependent)
training time
Hybrid -~ Complex
CNN- (Zziz)azn?(;;) [2(2‘] Luo 98.5-99.2 tcé?,?tlérrgj Sgi:?:]s architecture; Very High
LSTM P P overfitting risk
Requires
SE|-Based Guo et al. (2021) 97.3-98.9 D_eV|ce—§pe_C|f|c extensive Moderate-High
[10] fingerprinting transmitter
profiling
Proposed Ic‘a'lggé\fﬁ'gggrﬁ::;'_me Limited to
SVM Current Study 99.96 P r P . engineered Low (CPU-only)
based; forecasting
(RBF) features

layer

The comparative analysis reveals that while hybrid
and deep learning models excel in feature extraction
from raw signals, they impose substantial
computational burdens, making them unsuitable for
real-time regulatory deployment in resource-limited
environments  [12],[13]. The proposed SVM
approach achieves competitive accuracy while
maintaining operational feasibility through a
lightweight architecture and rapid inference, making
it particularly suitable for telecommunications
infrastructure monitoring in developing regions.

5.0 DISCUSSION AND CONCLUSION

5.1 Discussion

The empirical results demonstrate that integrating
parameter-based SVM classification with SVR
forecasting provides a practical solution for spectrum
monitoring that balances detection accuracy with
operational constraints. Three key findings merit
discussion:

First, the near-perfect performance metrics (99.96%
accuracy, 100% recall, 100% specificity) validate the
hypothesis that technical transmission parameters
alone—independent of content analysis—suffice for
regulatory classification. This contrasts with content-
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based approaches [8],[9] which face inherent
scalability challenges in multilingual and culturally
diverse regions. The parameter-based paradigm
aligns with International Telecommunication Union
(ITU) spectrum management frameworks [35], which
prioritize  technical compliance over content
monitoring.

Second, the 0.13% accuracy improvement over
LSTM-based methods [7], while seemingly modest,
carries operational significance. In regulatory
contexts, false positives trigger costly field
investigations and potential legal disputes [36]. The
SVM's perfect specificity (zero false alarms)
eliminates this risk, a critical advantage over
probabilistic deep learning models prone to
misclassification at decision boundaries.
Furthermore, the computational efficiency (5.4s
training vs. 100+ seconds for LSTM) enables rapid
model updates as new interference patterns emerge,
supporting adaptive enforcement strategies [37],[38].
Third, the forecasting layer represents a paradigm
shift from reactive to proactive spectrum governance.
Traditional monitoring systems [4],[5] detect
violations post-occurrence, limiting enforcement to
remedial actions. By predicting interference hotspots
up to 12 months ahead (RMSE=0.042), regulators
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can pre-position resources, schedule targeted
inspections, and coordinate cross-border

enforcement—capabilities increasingly critical as
spectrum congestion intensifies [15],[39].

However, several limitations warrant
acknowledgement. The dataset, while spanning three
years, originates from a single geographic region
(Abuja and surrounding states). Signal propagation
characteristics, FM station densities, and interference
dynamics vary across countries, potentially affecting
model generalizability. Additionally, the reliance on
NBC-monitored parameters (assigned frequency,
band occupancy, MPX, pilot, RDS) excludes
potentially  informative  features  such  as
cyclostationary signatures [40] and higher-order
spectral statistics [41], which could improve
detection in adversarial scenarios where transmitters
deliberately mimic licensed parameter profiles.

5.2  Broader Implications and Future Work
While this study focuses on Nigerian spectrum
regulation, the proposed framework has broader
applicability across sub-Saharan Africa and other
developing regions. Cross-border FM interference
remains a persistent issue where national
broadcasting footprints overlap [42]. The parameter-
based SVM  approach, requiring  minimal
infrastructure, can be deployed in multi-country
monitoring networks coordinated through regional
bodies such as the African Telecommunications
Union (ATU). Unlike deep learning models that
require GPU clusters, the SVM framework operates
on standard computing hardware (Intel i7, 8GB
RAM), making it accessible to regulatory agencies
with limited IT budgets and aligning with UN
Sustainable Development Goal 9 [43]. The ITU
Radio Regulations emphasize technical parameter
compliance for spectrum allocation [35], and the
proposed system's parameter-based logic directly
maps to ITU standards. While demonstrated for FM
broadcasting (87.5-108 MHz), the methodology
extends to other congested bands such as VHF/UHF
television, maritime communications, and
aeronautical radio navigation [2],[21].

Future work will address these limitations through
specific strategic initiatives: expanding the dataset to
multi-regional collaboration involving spectrum
regulators from Kenya, Ghana, South Africa, and
Tanzania to enable robust generalization and cross-
border interference tracking; integrating
cyclostationary feature extraction [40] and higher-
order spectral analysis [41] to improve detection

@ © 2026 by the author(s). Licensee NIJOTECH.

This article is open access under the CC BY-NC-ND license.
https://doi.org/10.4314/njt.2026.5466
http://creativecommons.org/licenses/by-nc-nd/4.0/

where adversarial transmitters attempt parameter
mimicry; exploring hybrid architectures combining
SVM with CNN-based feature extractors [12] to
capture nuanced interference patterns while retaining
lightweight classifier efficiency; implementing
adaptive  forecasting mechanisms incorporating
online learning algorithms [44] to enable dynamic
recalibration to recent interference trends; deploying
cloud-connected loT-based architectures to facilitate

large-scale, continuous  enforcement  across
distributed monitoring stations; and pursuing
collaboration with ITU and regional

telecommunications organizations to standardize
parameter-based monitoring protocols, enhancing
interoperability ~ across  national regulatory
frameworks [35].

5.3  Conclusion

This study developed and validated an SVM-based
predictive model for monitoring unlicensed FM
broadcast spectrum, integrating an SVR forecasting
component for proactive interference management.
Using 22,971 raw FM spectrum records from 2021—
2023 and a 3,169-record pre-processed dataset, the
model achieved 99.96% accuracy + 0.08% (95% CI),
99.96% Precision = 0.09%, and 100% recall = 0.00%
in classifying unlicensed transmissions in the 2024
prediction scenario. These results demonstrate that
lightweight machine learning classifiers can attain
near-perfect performance while maintaining low
computational overhead—an essential criterion for
real-time spectrum regulation [45],[46].

From an operational perspective, the perfect
specificity and zero false alarm rate are critical
achievements. In regulatory contexts, misclassifying
licensed transmissions as unlicensed not only wastes
enforcement resources but may also trigger legal
disputes [36]. The model's ability to completely
avoid such misclassifications while maintaining high
recall ensures that enforcement actions are both
accurate and defensible. Furthermore, the SVR-based
Forecasting captured seasonal interference patterns
(RMSE=0.042, MAE=0.031), enabling agencies to
shift from reactive to predictive enforcement
strategies, a paradigm increasingly promoted in
modern  spectrum  management  frameworks
[37],[38].[15].

In conclusion, the proposed SVM-based predictive
model offers a practical, accurate, and
computationally efficient solution for detecting and
forecasting unlicensed FM broadcasts. Its strong
empirical performance, scalability potential, low
computational overhead, and alignment with
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international regulatory standards position it as a

valuable tool for

enhancing the operational

capabilities of spectrum regulatory bodies in Nigeria
and beyond. With continued refinement and broader

deployment,

particularly  through regional

collaborations and integration with global spectrum
management frameworks, such models can play a
pivotal role in safeguarding the integrity of broadcast
spectrum amid evolving interference and security
challenges.
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