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Abstract— This paper presents a real-time spectrum sensing
system for TV white spaces (TVWS) applications based on offline-
trained deep learning (DL) models for online inference. The
system employs an Ettus USRP B210 software-defined radio
(SDR) and MATLAB to evaluate, over ultra high frequency
(UHF) ISDB-Ty signals, three DL-based sensing approaches: a
dense fully connected network (DenseNet), a lightweight fully
connected network (SimpleNet), and a convolutional neural
network (CNN), with traditional energy detection (ED) as a
baseline. Experimental evaluations were conducted under line-
of-sight (LoS), non-line-of-sight (nLoS), and mobile propagation
scenarios. The results show that DL-based sensing improves
detection performance over ED in all evaluated cases, although
the gain is significantly reduced under mobility. In addition,
the execution-time analysis indicates that the trained models are
suitable for real-time operation. These results demonstrate the
practical feasibility of intelligent SDR-based spectrum sensing
for future cognitive radio and 5G/6G networks.

Keywords— TV white spaces, spectrum sensing, energy detec-
tion, ISDB-Tg, wireless communication, deep learning.

I. INTRODUCTION

The emergence of next-generation applications such as
Internet of Things (IoT), Industry 5.0, and intelligent wireless
systems is accelerating the transition from 5G to future 6G
networks while significantly increasing the demand for radio
spectrum resources [1]. Consequently, spectrum scarcity has
become one of the major challenges for modern wireless
communications [2]. However, several studies have shown that
large portions of the licensed spectrum remain underutilized
due to static allocation policies [3].

This underutilization is particularly evident in the very
high frequency (VHF) and ultra high frequency (UHF) bands
allocated for television broadcasting. Due to their favorable
propagation characteristics, these frequencies are highly at-
tractive for long-range wireless communications and obstacle
penetration. In this context, the opportunistic use of TV
white spaces (TVWS) has emerged as a promising strategy
to improve spectral efficiency without causing harmful inter-
ference to licensed users [4]. Following global trends, the
Brazilian National Telecommunications Agency (ANATEL)
recently established regulatory frameworks for the dynamic
use of TVWS in the 470-608 MHz and 614-698 MHz bands
[5]. Nevertheless, practical deployment of these cognitive radio
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(CR) systems requires robust sensing techniques to identify
spectrum occupancy and protect primary users (PUs).

Several spectrum sensing approaches have been investigated
in the literature, including matched filtering, cyclostationary
detection, and energy detection (ED) [6]. More recently,
several studies have investigated innovative spectrum sensing
strategies, including phase-based approaches and deep learning
(DL)-assisted techniques, to improve detection performance
under challenging wireless conditions [7]-[10]. However,
practical experimental validations using real wireless channels
and broadcasting signals remain relatively limited.

Among recent practical implementations, [11] evaluated
spectrum sensing using eigenvalue techniques with the USRP
N310 software-defined radio (SDR) under line-of-sight (LoS)
conditions, while [12] investigated DL-based sensing using
the USRP B210. However, these studies remain restricted to
simplified propagation conditions, controlled environments, or
generic communication signals, without considering realistic
mobility and obstruction effects typically encountered in prac-
tical TVWS scenarios.

To address this gap, this paper presents an experimental
SDR-based spectrum sensing system for TVWS applications
using offline-trained DL models for online inference. The
sensing system was implemented in MATLAB using the Ettus
USRP B210 SDR, while GNU Radio was used to generate
the ISDB-Tp signals. The proposed system evaluates a dense
fully connected neural network, referred to as DenseNet, a
lightweight fully connected baseline referred to as SimpleNet,
and a convolutional neural network (CNN), comparing their
performance with conventional ED. The experimental analyses
are conducted under LoS, non-line-of-sight (nLoS), and mo-
bile propagation scenarios, considering different observation
window lengths (N) and signal-to-noise ratio (SNR) condi-
tions. In addition, an execution-time analysis is performed to
evaluate the practical feasibility of real-time spectrum sensing
using DL in future cognitive radio networks.

II. SPECTRUM SENSING FRAMEWORK
A. System Model
The fundamental objective of the spectrum sensing process
is to distinguish between two competing hypotheses: Hg,
representing the absence of a PU signal, and H;, indicating
its presence. The received signal y(¢) at the CR receiver can
be expressed as

t), if H
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where z(t) is the signal transmitted by the PU, h(¢) represents
the channel gain, and n(t) denotes the thermal additive white
Gaussian noise (AWGN) at the receiver front-end. A test
statistic 7' is then computed from y(¢) and compared with
a threshold A\. If 7" > A, the channel is declared occupied;
otherwise, it is considered idle. In practice, A\ is typically
chosen to satisfy a target constant false alarm rate (CFAR).

B. Energy Detection

ED is adopted as a conventional benchmark for comparison
with the evaluated DL-based sensing approaches, as it is
widely used in practical CR systems due to its low compu-
tational complexity and independence from PU signal priors
[13]. Its decision statistic is given by

N
=2y’ ©)
=1

where N is the number of collected samples and y(4) is the i-th
digitized received sample. For large IV, T" can be approximated
as Gaussian under both hypotheses, i.e., T ~ N (Nco2, Not)
under Ho and T' ~ N(N (024 02), N(o2 4 02)?) under H;.
Thus, the false alarm and detection probabilities are
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where o2 and o? are the noise and PU signal variances,
respectively.

C. Deep Learning Architectures

Motivated by the potential of DL to enhance spectrum
sensing under noise uncertainty and challenging propaga-
tion conditions, this study evaluates three neural-network-
based sensing approaches: DenseNet, SimpleNet, and CNN.
Unlike conventional machine learning (ML) methods based
on handcrafted features, DL models can learn discriminative
representations from preprocessed signal data [14].

During preprocessing, the acquired time-domain samples
are converted into frequency-domain representations using the
Fast Fourier Transform (FFT). The log-magnitude spectrum
is then normalized using z-score normalization based only
on the training set, avoiding information leakage between
training and testing data. This procedure produces an N-
dimensional feature vector, where N denotes the number of
frequency bins. For implementation in the MATLAB deep-
learning framework, this vector is reshaped into an N x 1 x 1
input array.

For each evaluated combination of propagation scenario,
SNR, and observation window length N, a dedicated dataset
was acquired and randomly split at the trial level into training
and testing subsets using a 70/30 ratio. The models were
independently trained from scratch for each condition for 40
epochs with a mini-batch size of 128, using cross-entropy
loss and the Adam optimizer with both learning rate and

L2 regularization factor set to 10~%. The final layer of each
architecture consists of two neurons followed by a Softmax
activation for binary classification between Hy and H;.

The considered architectures are summarized as follows:

o DenseNet: A dense multilayer perceptron composed of
three fully connected hidden layers with 100, 50, and
20 neurons, respectively. Rectified Linear Unit (ReLU)
activations and a 20% dropout rate are used after each
hidden layer to reduce overfitting.

« SimpleNet: A lightweight baseline neural network com-
posed of a single fully connected hidden layer with 20
neurons and ReLU activation.

e CNN: A one-dimensional convolutional neural network
implemented using convolutional filters along the fre-
quency dimension. It comprises two convolutional blocks
with 16 filters of size 5 x 1 and 32 filters of size
3 x 1, respectively, followed by batch normalization,
ReLU activation, and max pooling. A fully connected
layer with 50 neurons and 20% dropout precedes the final
classification layer.

ITIT. SDR SYSTEM IMPLEMENTATION AND
CONFIGURATION

A. TVWS Primary User

The PU transmission was modeled according to the ABNT
15601 specification, which defines the ISDB-T/Ty digital tele-
vision standard adopted in Brazil, Japan, and several regions
of Latin America and Africa. Since ISDB-Tg employs an
OFDM-based waveform, the obtained results may also provide
useful insights for other digital television systems based on
multicarrier transmission, such as DVB and ATSC 3.0.

The signal generation was implemented in GNU Radio,
enabling flexible transmission of digital television signals over
the UHF spectrum. The main technical parameters of the
implemented ISDB-Tg PU signal are summarized in Table I.

TABLE I
OFDM ISDB-Tg SYSTEM TRANSMISSION PARAMETERS.

Parameter Value
Total number of carriers 8192 (Mode 3)
Number of active carriers 5617
Guard Interval 1/32

Number of segments Layer A 13

Data carriers modulation Layer A 64-QAM
Encoding rate of layer A 7/8
Pilot carriers and TMCC modulation | BPSK/DBPSK
OFDM symbol duration 1.26 ms
Subcarrier spacing 0.992 kHz
Pilot spacing 11.9 kHz
IFFT clock 512/63 MHz
BW 5.572 MHz

B. Experimental Setup and Data Acquisition

The experiments were conducted at the Wireless Lab of
the Universidade Federal de Uberlindia (UFU), Patos de
Minas campus. The indoor environment, with workstations,
computers, printers, and metallic cabinets, creates rich mul-
tipath conditions with signal reflections, supporting realistic
validation of the proposed sensing system.
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The experimental setup employed two Ettus USRP B210
SDRs!, acting as the primary transmitter (TX) and cognitive
receiver (RX). The TX was configured in GNU Radio to trans-
mit the PU ISDB-Tg signal over UHF Channel 40 (629.143
MHz), while the RX operated in MATLAB with a 30.72 MHz
Master Clock, a 6.144 MHz sample rate, and a fixed gain
of 5 dB. The TX gain was adjusted through GNU Radio to
obtain the desired SNR at the receiver. Both SDRs employed
VERT400 omnidirectional antennas positioned approximately
0.5 m above the floor.

To evaluate the proposed sensing platform under realistic
propagation conditions, practical measurements were con-
ducted in three scenarios, as illustrated in Fig. 1. In Scenario
a (LoS, Fig. 1(a)), the TX and RX antennas were fixed 0.6 m
apart with a clear LoS. In Scenario b (nLoS, Fig. 1(b)), the
devices were separated by approximately 5 m, with a physical
wall obstructing the propagation path and introducing indoor
attenuation and shadowing effects. In Scenario ¢ (Mobile,
Fig. 1(c)), the TX and RX were initially placed 0.6 m
apart to establish a baseline target SNR; then, the TX was
laterally displaced along the red trajectory indicated in Fig. 1
(approximately 4 m long) at an approximate speed of 1 m/s,
producing dynamic envelope fluctuations, Doppler effects, and
a reduction in the final average SNR.

Fig. 1. Experimental measurement scenarios: (a) LoS, (b) nLoS with physical
obstructions, and (c) Mobile trajectory.

C. Offline Training, Performance Evaluation, and Real-Time
Operation

The proposed sensing system comprises offline and online
stages. In the offline stage, labeled SDR measurements under
Ho and H; are used to extract features, train the DL mod-
els, and evaluate their performance using receiver operating
characteristic (ROC) curves and area under curve (AUC) val-
ues. Experimental ROC curves are obtained by sweeping the
decision threshold over the ED statistic 7" or the H; Softmax
score for the DL-based methods. This enables comparison with

IThe Ettus USRP B210 SDR operates from 70 MHz to 6 GHz and supports
up to 56 MHz of real-time bandwidth [15].

conventional ED under different propagation conditions, SNR
levels, and observation N. After training and validation, the
model previously trained for the corresponding experimental
condition is deployed in the online sensing routine. Automatic
scenario identification or model selection was not considered
in this work. During real-time operation, the SDR acquires
new signal frames from the monitored channel. For the DL-
based methods, each frame is converted into FFT-based log-
magnitude features, normalized using the training-set statistics,
and classified as idle or occupied by the trained network. For
ED, the decision is obtained by computing the received signal
energy over the same observation window and comparing it
with a threshold. Therefore, real-time operation in this work
refers to the online acquisition, preprocessing, and inference
stages performed after offline training and validation.

IV. PERFORMANCE EVALUATION

This section presents the obtained experimental results. For
each evaluated condition, 30,000 experimental SDR acquisi-
tion trials were collected, equally divided into 15,000 trials
under Hy (TX off) and 15,000 under H; (TX on). Each trial
corresponds to a new SDR frame acquisition, from which the
first N complex samples form the observation window; no
sliding-window segmentation or overlapping windows were
employed. The measurements were conducted on UHF Chan-
nel 40. The noise power was first estimated with the TX off.
Subsequently, the TX gain was adjusted through GNU Radio
to achieve ghe 2target average SNR, calculated as SNRyg =
101ogy, ("s;"w 1

For all scgnarios, performance is evaluated in terms of
the average SNR. In the static cases (Scenarios a and b in
Fig. 1), the instantaneous SNR was kept as close as possible
to the target value. In Scenario ¢ (Mobility), where the SNR
fluctuates due to TX movement, the results are reported using
the average SNR over the complete trajectory. The theoretical
benchmarks were obtained from the ED expressions for Py,
and Py in (3) and (4), respectively.

A. Performance Under Static Conditions

Fig. 2 presents the ROC curves obtained under static propa-
gation conditions. Fig. 2(a) evaluates the impact of SNR under
LoS conditions, Fig. 2(b) analyzes the effect of N at low SNR,
and Fig. 2(c) compares the performance under LoS and nLoS
environments.

In Fig. 2(a), the results are obtained under LoS conditions
with N = 100. As expected, reducing the SNR degrades the
detection performance of all methods. At —5 dB, the CNN
achieves the highest experimental AUC of 0.9576, followed
by DenseNet (0.9248), SimpleNet (0.9154), and empirical ED
(0.9072). The CNN approaches the theoretical ED benchmark
(0.9719), while remaining below this reference. At —10 dB,
the same performance ordering is observed, but the gap
between the DL-based methods and empirical ED becomes
smaller. In this case, the CNN, DenseNet, SimpleNet, and
empirical ED achieve AUC values of 0.7152, 0.7011, 0.6844,
and 0.6832, respectively.
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Fig. 2. ROC curves: (a) LoS condition with varying SNR, (b) LoS condition with varying NV, and (c) LoS and nLoS conditions.

In Fig. 2(b), the effect of the observation window length
is evaluated at a fixed SNR of —10 dB under LoS con-
ditions. Increasing N from 100 to 500 improves the ROC
curves of all techniques, confirming that longer observation
windows provide a more reliable sensing statistic under low-
SNR conditions. For N = 500, the CNN achieves the highest
experimental AUC of 0.8889, followed by DenseNet (0.8586),
SimpleNet (0.8485), and empirical ED (0.8102). Compared
with the N = 100 case, the gain is particularly noticeable for
the DL-based methods, which move closer to the theoretical
ED benchmark of 0.9337. This result indicates that increasing
the number of received samples improves the separability
between Hy and H;, especially for feature-based classifiers
operating under severe SNR degradation.

In Fig. 2(c), the performance is evaluated under LoS and
nLoS conditions for a fixed SNR of —7 dB and N = 100. Un-
der LoS, the CNN achieves the highest experimental AUC of
0.8625, followed by DenseNet (0.8250), SimpleNet (0.8199),
and empirical ED (0.7986). Interestingly, when transitioning
to the nLoS environment, only minor performance variations
are observed for all evaluated techniques. In particular, the
CNN maintains nearly identical performance, with an AUC of
0.8633, while DenseNet, SimpleNet, and empirical ED achieve
AUC values of 0.8237, 0.8132, and 0.7974, respectively. These
results indicate that, under the evaluated stationary indoor
nLoS conditions, multipath propagation preserves sufficient
signal information for reliable sensing, preventing severe
performance degradation. Moreover, the DL-based methods
remain consistently superior to empirical ED under both
propagation conditions, demonstrating robustness against the
absence of a direct propagation path. The theoretical ED
benchmark achieves an AUC of 0.8993.

B. Performance Under Mobility

Fig. 3 compares static and mobile LoS scenarios for N =
100 and an average SNR of —5 dB. Under static conditions,
the CNN achieves the highest experimental performance with
an AUC of 0.9576, outperforming DenseNet (0.9248), Sim-
pleNet (0.9154), and empirical ED (0.9072). Moreover, the
CNN approaches the theoretical AWGN ED benchmark (AUC
= 0.9719), indicating an improved ability to extract relevant
spectral features under controlled propagation conditions.

When mobility is introduced, the detection performance
degrades for all evaluated methods due to instantaneous SNR

fluctuations and time-varying channel effects caused by TX
movement. Consequently, all experimental curves move farther
from the theoretical AWGN ED benchmark. Under mobility,
the CNN remains the best-performing method, achieving an
AUC of 0.8736, followed by DenseNet (0.8680), SimpleNet
(0.8616), and empirical ED (0.8545).

Compared with the static case, the performance gap between
the DL-based methods and empirical ED becomes substan-
tially smaller. In particular, the AUC gain of the CNN over
empirical ED decreases from 0.0504 under static conditions
to only 0.0191 under mobility. This result suggests that rapid
channel variations reduce the ability of the neural models to
exploit discriminative spectral features, bringing their perfor-
mance closer to the conventional energy-based approach.

Although the neural networks still provide the highest
detection performance, the reduced gains under mobility reveal
an important trade-off between sensing accuracy and compu-
tational complexity. In this scenario, empirical ED remains
highly competitive due to its lower processing cost and latency,
as well as its independence from an offline training stage.
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Fig. 3. ROC curves comparing static and mobile scenarios.

C. Execution Time Analysis

Table II reports the average online execution time for
different N. The total pipeline time includes SDR frame
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TABLE 11
AVERAGE ONLINE EXECUTION TIME IN MILLISECONDS FOR DIFFERENT N.

[ Operation / Technique [[ N =100 [ N =500 [ N =1000 |

Hardware Acquisition
SDR Capture [[ 0.0960 [ 0.1447 [ 0.1875
Total Online Pipeline Time
ED 0.0988 0.1527 0.1996
SimpleNet 1.0275 1.0734 1.1331
DenseNet 1.3039 1.3338 1.3948
CNN 1.3259 1.3361 1.3961

acquisition and energy computation for ED, and additionally
FFT-based preprocessing and neural-network inference for the
DL-based methods. Offline training is not included, since it is
performed before deployment.

As expected, ED achieves the lowest latency, remaining be-
low 0.20 ms even for N = 1000. Its total time closely follows
the SDR acquisition time, indicating negligible computational
overhead and making it attractive for ultra-low-latency, low-
complexity operation without training.

The DL-based methods require higher processing times,
from approximately 1.02 ms to 1.40 ms, but remain compatible
with online sensing. Increasing N from 100 to 1000 only
slightly increases latency; for example, the CNN rises from
1.3259 ms to 1.3961 ms. Thus, the processing time is mainly
dominated by inference overhead rather than the observation
window length.

Among the neural models, SimpleNet provides the low-
est latency for all N values, achieving the best latency-
performance trade-off. Therefore, ED is preferable when la-
tency, simplicity, and independence from training are critical,
whereas offline-trained DL models are viable alternatives
when improved detection performance justifies millisecond-
level processing latency.

V. CONCLUSION

This work presented a real-time SDR-based spectrum sens-
ing system for TVWS applications using offline-trained DL
models for online inference. The system was experimentally
evaluated with ISDB-Tg signals under LoS, nLLoS, and mobile
scenarios, comparing DenseNet, SimpleNet, and a CNN with
conventional ED.

The results showed that the DL-based methods outper-
formed empirical ED in all evaluated scenarios. Under static
LoS conditions, the CNN achieved the best performance and
approached the theoretical AWGN ED benchmark. Increasing
N improved the separability between H( and 4, particularly
under low-SNR conditions, while only minor performance
variations were observed in the stationary nLoS scenario.

Under mobility, all techniques degraded due to SNR fluc-
tuations and time-varying channel effects. Although the CNN
still achieved the highest AUC, its advantage over empirical
ED decreased, highlighting a trade-off between accuracy and
complexity. The execution-time analysis showed that ED pro-
vides the lowest latency, while the trained DL models remain
suitable for online operation, with SimpleNet offering the
best latency-performance trade-off. Thus, DL-based sensing is
viable when higher detection performance is required, whereas

ED remains attractive for low-latency and resource-constrained
implementations.
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