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ABSTRACT

The rapid advancement of connected vehicle technologies has intensified the
need for efficient spectrum utilization. Cognitive radio (CR) enables dynamic
access to underutilized spectrum, with spectrum sensing playing a key role in de-
tecting primary users (PU). This study introduces a novel spectrum sensing ap-
proach that integrates filter bank (FB) signal decomposition with convolutional
neural networks (CNNs)—referred to as filter bank decomposition and convolu-
tional neural network (FB-CNN)—to enhance detection performance compared
to conventional methods. Unlike traditional techniques such as energy detection
(ED), the proposed FB-CNN leverages the frequency components extracted by
the FB as CNN inputs, enabling robust identification of PU signals across multi-
ple modulation schemes, including BPSK, QAM, FSK, and GMSK. Simulation
results demonstrate substantial gains, particularly in low-SNR scenarios: for ex-
ample, at an SNR of 5 dB, FB-CNN achieves a detection probability of 89% for
2-FSK, compared to only 22% with ED—representing a fourfold improvement.
These findings highlight the novelty and effectiveness of FB-CNN in signifi-
cantly improving spectrum sensing reliability for connected vehicle networks
operating in challenging signal environments.
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1. INTRODUCTION
The rapid evolution of intelligent transportation systems has accelerated the adoption of advanced

technologies such as autonomous driving, LiDAR, radar, and connected vehicle communication. Among these,
vehicular connectivity—encompassing vehicle-to-vehicle (V2V), vehicle-to-infrastructure (V2I), and vehicle-
to-pedestrian (V2P) links—has attracted particular attention for its potential to enhance road safety, traffic
efficiency, and infotainment services [1], [2]. To facilitate these applications, the Federal Communications
Commission (FCC) allocated 75 MHz of spectrum in the 5.9 GHz band for wireless access in vehicular envi-
ronments (WAVE). However, the coexistence of safety-critical communication and high-data-rate services has
intensified spectrum scarcity, highlighting the limitations of static spectrum allocation where some frequency
bands are congested while others remain underutilized. Dynamic spectrum access (DSA) via cognitive ra-
dio (CR) has emerged as a promising paradigm to overcome this limitation. CR enables secondary users to
opportunistically access underutilized frequency bands without causing harmful interference to primary users
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(PU) [3], [4]. Central to this functionality is spectrum sensing, which continuously monitors the radio envi-
ronment to detect spectrum availability while minimizing false alarms and missed detections [5]–[7]. Several
classical spectrum sensing techniques have been investigated. Energy detection (ED) is computationally ef-
ficient but suffers from noise uncertainty. Matched filtering (MF) provides optimal detection when the PU’s
signal is known, a condition rarely satisfied in dynamic vehicular environments. Feature detection (FD) can
achieve good performance at low signal-to-noise ratios (SNRs) but requires significant computational resources
[8]–[10]. More recently, machine learning and deep learning methods have been introduced to enhance sensing
robustness; however, most of these rely on raw time-domain data or handcrafted features, which limits their
ability to generalize across diverse modulation types and noisy environments.

Despite these advancements, important challenges remain unresolved. Reliable detection accuracy
under low-SNR and noisy conditions is still difficult to achieve, particularly in safety-critical vehicular envi-
ronments. Existing methods also struggle to adapt to multiple modulation formats without prior knowledge of
the signal, while high computational demands limit their practicality for real-time applications. These chal-
lenges underline the need for a spectrum sensing approach that is both accurate and robust, while also being
computationally feasible. To address these limitations, we propose a novel spectrum sensing framework based
on filter bank decomposition and convolutional neural networks (FB-CNN). In the proposed approach, a fil-
ter bank (FB) decomposes the received signal into multiple subbands, preserving fine-grained spectral details,
while the CNN automatically learns discriminative patterns across these subbands to distinguish between oc-
cupied and vacant channels. Unlike conventional CNN-based methods that process raw signals directly, our
approach leverages multi-band frequency-domain features, enhancing robustness to noise and improving gen-
eralization across various modulation types such as BPSK, QAM, FSK, and GMSK. Furthermore, a dynamic
thresholding mechanism stabilizes the probability of detection under varying noise conditions, effectively re-
ducing false alarm rates [11]–[13]. Through extensive simulations, we demonstrate that FB-CNN outperforms
traditional methods in terms of detection probability, noise resilience, and adaptability to different modulation
schemes. The remainder of this paper is organized as follows. Section 2 reviews related work on spectrum
sensing techniques. Section 3 presents the system model, describes the proposed FB-CNN framework in detail
and analyzes the simulation results. Section 4 presents the results and provides a detailed discussion of the
findings. Finally, section 5 concludes the paper and highlights potential directions for future research.

2. RELATED WORK
The concept of spectrum sensing has evolved significantly with the emergence of machine learning

and deep learning techniques, particularly CNN. Traditional methods such as ED, FB-based sensing, and cy-
clostationary FD have been widely used for spectrum sensing. However, these approaches often suffer from
high false alarm rates and poor performance in low SNR environments. Recent advancements in deep learn-
ing have introduced CNN-based techniques that enhance spectrum sensing accuracy and robustness [14], [15].
Ding et al. [16] introduced a FB-CNN to classify short-time steady-state visual evoked potential (SSVEP)
signals. Their model utilizes FBs to preprocess signals before passing them through CNN layers, significantly
improving classification performance. Similarly, Xu et al. [17] extended this approach by proposing a filter
bank complex spectrum convolutional neural network (FB-CCNN) for SSVEP classification. Their method
leverages the complex spectrum of the signals and demonstrates superior accuracy in brain-computer interface
applications. For CR networks, Zhang et al. [18] explored a novel multiband spectrum sensing technique using
a covariance matrix-aware CNN. Their approach integrates the sample covariance matrix of received signals
as input to a CNN model, leading to improved detection performance across multiple frequency bands. This
technique is particularly effective in DSA scenarios, where the spectral environment changes frequently. Addi-
tionally, Novelo and Dolecek [19] investigated the use of filter banks (FBs) in CNNs for texture classification
tasks. Their findings indicate that incorporating FBs into CNN architectures enhances feature extraction ca-
pabilities, making them well-suited for tasks requiring fine-grained spectral analysis. This work serves as a
foundation for applying similar methodologies in spectrum sensing applications. Bassi and Attux [20] intro-
duced the FBDNN model, which integrates FBs with deep neural networks to improve SSVEP classification.
Their work focuses on portable and fast brain-computer interfaces, demonstrating that FB techniques can effec-
tively enhance signal classification performance while maintaining computational efficiency. Building on these
advancements, the method proposed in this work extends the application of FB-based CNN architectures for
spectrum sensing, introducing a novel approach that improves detection accuracy in low-SNR environments.
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3. MATERIAL AND METHODS
3.1. Energy level detection

Energy level detection is one of the simplest and most resource-efficient techniques for spectrum
sensing [21]. This method is widely used because it does not require prior knowledge of the signal’s structure,
making it suitable for a variety of communication scenarios. The core idea is to measure the total energy present
in a frequency band and compare it with a predefined threshold to determine whether the channel is occupied.
The process begins by transforming the received signal from the time domain to the frequency domain using
a fast Fourier transform (FFT). This transformation allows the system to analyze the frequency components of
the signal, which is essential for detecting occupied channels. After the FFT, the vehicle estimates the power
spectral density (PSD) of the signal using (1):

PSD(f) = lim
T→∞

1

T

∣∣∣∣∣
T−1∑
n=0

x[n]e−j2πfn

∣∣∣∣∣
2

(1)

In this equation, x[n] represents the sampled signal in the time domain, f is the frequency, and T is
the number of samples. The PSD essentially provides a measure of how the signal’s power is distributed over
different frequencies. Once the PSD is obtained, the total energy in the frequency band can be calculated as
(2):

E =
∑
f

PSD(f) (2)

The computed energy E is then compared to a predefined threshold γ. If the measured energy ex-
ceeds γ, the system concludes that the channel is occupied; otherwise, it is deemed free for transmission. This
decision-making process enables the vehicle to dynamically select the most suitable channel for communica-
tion, thereby improving overall spectral efficiency [22], [23]. Figure 1 presents an example of the noise variance
profile used in the detection simulation. In this scenario, an ED threshold of 3 dBm was chosen, correspond-
ing to a 2% false alarm probability. This means that in 2% of cases, the system might incorrectly classify an
unoccupied channel as occupied purely due to noise fluctuations.

Figure 1. 2% false alarm probability threshold of total noise power

When a signal is introduced into the system, the underlying Gaussian noise distribution—originally
centered around the noise floor—shifts toward higher energy values. As this shift occurs, a greater proportion of
the distribution surpasses the detection threshold, thereby increasing the likelihood of correctly identifying the
presence of the signal. From a statistical perspective, this modification alters the overlap between the noise-only
and signal-plus-noise probability density functions, leading to changes in the detection metrics. When plotted
as the probability of detection versus SNR, the resulting curve often exhibits an S-shaped form, reflecting a
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gradual transition from low to high detection probability. This behavior, which will be explored in more detail
in section 4 demonstrates how the system’s detection capability systematically improves as the signal power
rises relative to the noise level, ultimately reducing the probability of missed detections.

3.2. Filter bank-based detection
FB-based spectrum sensing detects the presence of signals by decomposing the received signal into

multiple subbands using a set of band-pass filters. Unlike methods that rely on a known reference waveform,
this approach is particularly effective in environments contaminated by additive white Gaussian noise or un-
correlated interference, as it enhances signal separation and mitigates noise effects. The core principle involves
splitting the received signal into multiple frequency subbands through a bank of filters, typically implemented
via polyphase decomposition, where each filter extracts a specific frequency component for independent ED.
By analyzing energy levels in different frequency bins, the system determines whether a PU is active or inactive.
The received signal is first passed through band-pass filters corresponding to different frequency subbands, the
energy in each subband is estimated, and a decision threshold is applied to detect potential spectrum occupancy
based on whether the detected energy exceeds the threshold. Figure 2 presents the block diagram of the FB
processing.

Figure 2. Block diagram of the FB processing

3.3. Filter bank design
For this application, our filter design does not prioritize synthesis bank or perfect reconstruction con-

ditions in the synthesis bank domain. The primary focus is on achieving a FB with low stop-band rejection,
ensuring that out-of-band noise power remains minimal. Additionally, phase distortion in the FB design should
be kept to significantly low dB values (below 60 dB) to prevent any decoherence that could interfere with de-
tection [24], [25]. A simple M-point DFT-based FB was constructed with M=3, with the choice of three bands
being arbitrarily selected to demonstrate the impact of proper filtering on spectrum sensing. For the transmit
channel, the normalized frequency bands were sufficient to align the transmission bandwidth with one of the
channel frequency lengths (MF). In real-world applications, the number of channels could be much higher [26],
[27]. Figure 3 shows the frequency response of the FB in Simulink.

Figure 3. Magnitude response of FB
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3.4. Implementation
To perform an analysis of FB based detection and FB CNN-based detection, a Simulink-based signal

generation system (shown in Figure 4) was created to generate data. This system consists of a BPSK, GMSK,
2-FSK, 4-FSK, 16-QAM, and 32-QAM modulated signal, transmitting at baseband and up-sampled by a factor
of 4. Both the up-sampling and pulse shaping occur in the ”Square root” filter block, where the sampling
factor and root-raised cosine filter are applied. The transmitted signal is then amplified and combined with a
”Random Source” block, which introduces a Gaussian noise floor (as shown in Figure 3). The system transmits
and receives at 200 samples per frame, and after 100 seconds of simulation, it produces 120 Mb of IQ data.
This general approach is highly effective for generating data at the physical layer [28].

Figure 4. Implementation of FB method using Simulink for BPSK

3.5. Received signal model
The received baseband signal at the secondary user (SU) can be expressed as (3):

r(t) =

{
s(t) + n(t), H1 (PU present)
n(t), H0 (PU absent)

(3)

where H1 represents the hypothesis that the spectrum is occupied, H0 represents the hypothesis that the spec-
trum is idle, s(t) is the transmitted PU signal, and n(t) ∼ CN (0, σ2

n) is complex Gaussian noise.
In discrete time, this becomes:

r[n] =

{
s[n] + n[n], H1

n[n], H0

(4)

The received signal consists of in-phase (I) and quadrature (Q) components:

r[n] = I[n] + jQ[n] (5)

Which is processed by a FB to decompose it into frequency subbands.

3.6. Filter bank-based subband decomposition
The received IQ signal is passed through a quadrature mirror filter bank (QMFB) to split it into mul-

tiple frequency subbands:

rk[n] =
∑
m

r[m]hk[n−m], k = 1, 2, . . . ,K (6)

where K is the number of subbands and hk[n] is the impulse response of the k-th subband filter.
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The frequency response of each filter satisfies:

K∑
k=1

Hk(f) ≈ 1, ∀f (7)

Each subband signal retains both IQ components:

rk[n] = Ik[n] + jQk[n] (8)

3.7. Convolutional neural network mathematical model
In the following, we present the mathematical formulation of the proposed CNN model. The model is

designed to process raw in-phase (I) and quadrature (Q) components of the received signal, extracting relevant
features to determine whether the spectrum is occupied or idle. The architecture leverages convolutional layers
to capture local dependencies in the IQ data, followed by fully connected layers for classification.

3.7.1. Input representation
The input to the model is represented as a real-valued matrix:

X ∈ R1024×2 (9)

where 1024 denotes the number of time-domain samples in each input instance. This corresponds to a temporal
window over which the model is trained and 2 represents I and Q components.

The received signal, initially in the form of a complex-valued sequence s[n] = I[n] + jQ[n], is
transformed into the real-valued matrix X by separating the real and imaginary parts into two distinct columns.
This transformation enables direct processing by the CNN while preserving the temporal structure of the signal.

3.7.2. Convolutional neural network architecture
Table 1 summarizes the proposed neural network architecture [29], [30]. The convolutional layers in

the CNN apply one-dimensional convolutions to extract temporal dependencies from the input IQ data. Each
convolution operation at layer l for the k-th filter is mathematically defined as (10):

F
(l)
k [n] = f

(∑
m

W
(l)
k [m] ·X(l)[n−m] + b

(l)
k

)
(10)

where W
(l)
k represents the learnable convolutional filter weights at layer l for the k-th filter, and b

(l)
k is the

corresponding bias term. The activation function f(·) introduces non-linearity to enhance the model’s learning
capacity. In this case, the rectified linear unit (ReLU) activation function is applied:

f(x) = max(0, x) (11)

which ensures that only positive activations are propagated, mitigating the vanishing gradient problem and
improving the model’s efficiency. Following the convolutional layers, pooling layers are introduced to reduce
the temporal resolution of the extracted feature maps while preserving essential information. Max-pooling is
used, which selects the maximum value within a sliding window of size S, and is defined as (12):

X
(l)
pool[n] = max

m∈[0,S−1]
X(l)[nS +m] (12)

where S is the stride size. Pooling reduces the dimensionality of the feature maps, leading to lower computa-
tional complexity and helping prevent overfitting. After feature extraction, the pooled feature maps are flattened
and passed through fully connected layers to perform classification. This transformation is represented as (13):

y = softmax(WfcXpooled + bfc) (13)

where Wfc and bfc are the weights and biases of the fully connected layer, and softmax(·) converts the output
into a probability distribution over the possible classes:

y = [P (H0), P (H1)] (14)

An efficient spectrum sensing method using convolutional neural network and filter banks ... (Hamza Ouamna)



1088 ❒ ISSN: 2302-9285

where P (H0) denotes the probability that the spectrum is idle, and P (H1) represents the probability that the
spectrum is occupied. The final classification decision is made by comparing P (H1) against a predefined
decision threshold λ. The spectrum sensing decision rule is expressed as (15):

Ĥ =

{
H1, P (H1) > λ

H0, otherwise
(15)

where Ĥ is the estimated hypothesis, with H1 indicating an occupied spectrum and H0 indicating an idle
spectrum. The threshold λ can be adjusted to balance detection performance and false alarm rates, enabling
adaptive spectrum sensing in dynamic wireless environments.

Table 1. Neural network architecture of the proposed FB-CNN model used for spectrum sensing
Index Layers Output dimension

1 Input layer 1024× 2
2 1×16 convolution (128 filters) 1024× 2

3 Batch normalization 1024× 2

4 ReLU activation 1024× 2
5 MaxPooling (1×2, Stride 1×2) 512× 2

6 1×16 convolution (64 filters) 512× 2

7 Batch normalization 512× 2
8 ReLU activation 512× 2

9 MaxPooling (1×2, Stride 1×2) 256× 2

10 1×16 convolution (32 filters) 256× 2
11 Batch normalization 256× 2

12 ReLU activation 256× 2

13 AveragePooling (1×8) 32× 2
14 Fully connected layer (20 neurons) 20× 1

15 Fully connected layer (10 neurons) 10× 1
16 Fully connected layer (2 neurons) 2× 1

17 Softmax layer 2× 1

18 Classification output 2× 1

3.7.3. Justification of convolutional neural networks architecture
The architecture was designed with three convolutional layers to capture features at different abstrac-

tion levels while avoiding over-parameterization. The first convolutional layer (128 filters, kernel size 1×16)
extracts short-term temporal dependencies in the IQ data, where the kernel length of 16 corresponds approxi-
mately to the symbol duration of many digital modulation formats. This makes the layer particularly effective
at detecting modulation-specific transitions and noise patterns. The second and third convolutional layers pro-
gressively reduce the number of filters (64 and 32). This funnel-shaped design compresses the feature space,
forcing the network to retain only the most discriminative patterns. The second layer captures mid-level fea-
tures such as spectral harmonics and subband energy distributions, while the third layer learns global features
that are robust to SNR variations and channel noise. Pooling layers were chosen deliberately: max-pooling
preserves dominant features by selecting the strongest activation within each window, whereas average pool-
ing before the fully connected layers smooths representations and mitigates overfitting. The fully connected
layers (20–10–2 neurons) gradually reduce dimensionality, allowing the network to combine low- and high-
level features into compact decision boundaries for binary classification. This progressive reduction ensures
better generalization while keeping computational cost low. Thus, each design choice—kernel size, number of
layers, filter progression, and pooling type—was selected to balance detection accuracy, generalization across
modulation formats, and computational efficiency for real-time spectrum sensing in vehicular environments.

3.8. Training process
The training process was performed on an Intel Core i5 11th generation processor, which provides

sufficient computational capacity for prototyping but imposes constraints on large-scale training. All network
parameters were randomly initialized using a Gaussian distribution. The mini-batch size was set to 128, and
the stochastic gradient descent (SGD) method with momentum was employed, using a momentum factor of
0.9. The initial learning rate was set to 0.02, and every 3 epochs the learning rate was reduced by a factor
of 10. The model was trained over 10 epochs, with validation performed every 500 iterations. The decision
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to limit training to 10 epochs was based on empirical validation: additional epochs did not yield significant
improvements in detection probability and, in some cases, led to early signs of overfitting. This suggests that
the model converges rapidly under the chosen optimization strategy. Nonetheless, for broader generalization
across different noise models and unseen modulation formats, extended training or statistical analysis across
multiple independent runs would further strengthen reliability. Algorithm 1 outlines the training loop, which
includes pre-processing steps, weight updates using SGD with momentum, dynamic learning rate adjustments,
and integrated validation/testing to monitor model performance throughout the process. While the current
setup demonstrates proof-of-concept feasibility, hardware-accelerated platforms such as GPUs or TPUs would
enable deeper models, longer training cycles, and larger datasets, thereby improving scalability and robustness
for real-world deployment. Future work will explore these extensions to enhance generalization and efficiency.

Algorithm 1. Training process

1: Pre-processing:
2: Split the raw signal data into fixed-length time frames
3: Normalize the signal samples
4: Initialize the CNN Model:
5: Initialize the weights and biases
6: Training Loop:
7: Set mini-batch size to 128
8: Set momentum factor to 0.9
9: Set initial learning rate to 0.02

10:
11: for each epoch (maximum 10 epochs) do
12: Shuffle the training data to avoid bias
13:
14: for each training sample in the mini-batch do
15: Feed the input sequence into the CNN
16: Update the weights and biases using SGD with momentum
17: end for
18: if epoch mod 3 = 0 then
19: Reduce learning rate by a factor of 1/10
20: end if
21: Validation:
22: Perform validation every 500 iterations
23: Calculate performance metrics
24: end for
25: Testing:
26: Pre-process the test signal data
27: Feed the input sequence into the trained model
28: Get the predicted output from the model

4. RESULTS AND DISCUSSION
4.1. Metrics for performance evaluation

To evaluate the classification performance of our model, we use the probability of detection (Pd) as
a key metric. The probability of detection is employed in signal processing and machine learning to assess a
classifier’s ability to correctly identify the presence of a signal in a noisy environment. It is defined as (16):

Pd = P (Ĥ1|H1) (16)

where Ĥ1 represents the decision that a signal is present and H1 denotes the actual presence of the signal.
We select this metric because it provides a comprehensive evaluation of the model’s performance

across different SNR levels. By varying the SNR, we can simulate different noise conditions and analyze the
model’s robustness under diverse scenarios. Additionally, using Pd allows for direct comparisons with other
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models and traditional approaches, enabling a more thorough performance assessment and helping to identify
areas for improvement.

4.2. System threshold definition
The noise floor variance in our system follows the normal distribution, as illustrated in Figure 5. To

take advantage of this property, we will extract the threshold for bandwidth spectrum for a desired probability of
detection. The threshold is a critical parameter in determining the performance of our system, as it determines
the sensitivity of the detector. By extracting the threshold from the normal distribution, we can determine
the point at which a signal will be detected with a high probability. This allows us to set a desired level of
performance for our system and ensures that we are able to detect signals of interest while minimizing false
alarms. Furthermore, by extracting the threshold for the total spectrum and bandwidth, we can optimize the
performance of our system for different signal types and noise environments. This approach allows us to
achieve the best possible performance for our system and is a common method used in signal processing and
telecommunications systems.

Figure 5. 2% false alarm probability threshold of bandwidth noise power

The neural network defined in Table 1 has been trained with the Adam optimizer. The Adam optimizer
is a popular algorithm for training neural networks because it combines the advantages of both gradient descent
and momentum-based optimization. It is computationally efficient and has been shown to converge quickly to
a good solution. We have used categorical cross-entropy as the loss function. The categorical cross-entropy
is an appropriate loss function for this problem because it measures the dissimilarity between the predicted
and true categorical probability distributions. To ensure that the model generalizes well, we divided the IQ
dataset into 70% for training instances and 30% for validation instances. This allows us to evaluate the model’s
performance on unseen data and make adjustments to the model if necessary. This division of the dataset also
allows us to monitor the overfitting, which is common in neural network models.

To measure the performance of our model, we have plotted the probability of detection versus SNR
predicted by the neural network. This allows us to evaluate the ability of the model to correctly identify the
presence of a signal in a noisy environment. We have also plotted the probability of detection versus SNR
predicted using the energy level method. This is a traditional method used in signal processing to evaluate the
performance of a classifier. By comparing the performance of the neural network and the energy level method,
we can gain insight into the effectiveness of our model and identify areas for improvement. The figures show
the plots for the two methods, which allow us to compare them visually and understand the performance of our
model, this way we can have a better understanding of our model and evaluate if it is suitable for our application

4.3. Experimental results
In this section, we evaluate the detection performance of the proposed FB-based CNN spectrum sens-

ing technique in comparison with the conventional energy detector. The probability of detection (Pd) is ana-
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lyzed as a function of the SNR for various modulation schemes, including 2-FSK, 4-FSK, 16-QAM, 32-QAM,
BPSK, and GMSK. The results, summarized in Figure 6, consistently show that the proposed deep learning-
based method achieves substantially higher detection probabilities, particularly under low-SNR conditions.

We found that Pd correlates strongly with the modulation complexity and SNR level, with the FB-
CNN achieving disproportionately higher detection rates in challenging noise conditions. For example, in
2-FSK (Figure 6(a)), the proposed method achieves approximately 89% Pd at −5 dB SNR, compared to only
22% for the energy detector. Similarly, for 4-FSK (Figure 6(b)), Pd reaches 95% at 0 dB with FB-CNN, versus
40% with the traditional approach.

For higher-order modulations such as 16-QAM (Figure 6(c)) and 32-QAM (Figure 6(d)), the proposed
method achieves Pd values of 96% and 97% at 5 dB and 7 dB SNR, respectively—more than double the
performance of the energy detector in these cases. Lower-order modulations also benefit greatly: for BPSK
(Figure 6(e)), Pd is 93% at −5 dB with FB-CNN, compared to 30% with ED; for GMSK (Figure 6(f)), Pd

exceeds 94% at −3 dB, versus only 35% for the baseline.

Figure 6. Detection probability (Pd) comparison between the proposed FB-CNN and conventional energy
detector for different modulation schemes: (a) 2-FSK, (b) 4-FSK, (c) 16-QAM, (d) 32-QAM, (e) BPSK, and

(f) GMSK

Our findings indicate that higher modulation complexity is not associated with poor detection per-
formance when using the FB-CNN approach, in contrast to what has been observed in conventional spectrum
sensing studies [8], [9]. The proposed method benefits from FB decomposition, which preserves frequency-
domain features across subbands, and deep CNN classification, which enhances resilience to noise uncer-
tainty—without negatively affecting adaptability to diverse modulation schemes. This aligns with recent work
in [11], [12], which also emphasized the role of learned spectral features in improving detection at low SNR,
but our results extend these insights to a broader set of modulations and operating conditions.

Table 2 summarizes the detection performance of the proposed FB-CNN and the conventional energy
detector at an SNR of 4 dB for different modulation schemes. The energy detector shows very poor perfor-
mance, achieving 0% detection for several modulations and only 44.92% for 4-FSK. In contrast, the FB-CNN
achieves significantly higher detection probabilities, reaching 100% for BPSK and 99.15% for 4-FSK, while
maintaining strong performance across other modulations. Overall, these results highlight that the proposed
FB-CNN framework delivers consistently high detection probabilities across modulation types and SNR levels,
confirming its potential for real-world DSA in connected vehicular and other CR networks.
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Table 2. (Pd) comparison between the proposed FB-CNN and conventional energy detector at SNR=4 dB
Modulation 2-FSK (%) 4-FSK (%) 16-QAM (%) 32-QAM (%) BPSK (%) GMSK (%)
Energy detector 0 44.92 0 0 8.75 0
FB-CNN 89.39 99.15 49.59 84.64 100 71.5

4.4. Comparison with prior work
To provide a fair benchmark, we compared our proposed FB-CNN model with results reported in

prior work on deep learning–based spectrum sensing. In particular, [31] evaluated several classifiers, including
support vector machine (SVM), logistic regression (LR), convolutional neural network (CNN), long short-term
memory (LSTM), and a hybrid LSTM-CNN model. At an operating point of SNR = 4 dB, interpolation from
their published results shows that LSTM-CNN achieves the highest probability of detection (95%), followed
by LSTM (93%) and CNN (90%). In contrast, classical approaches such as SVM and LR lag slightly behind
with 88% and 89% detection probability, respectively. Table 3 summarizes these results. This comparison
highlights that while our FB-CNN model achieves competitive performance under noisy conditions, hybrid
temporal–convolutional architectures can offer additional gains in temporal pattern recognition tasks, suggest-
ing a promising direction for future extensions.

Table 3. Interpolated performance of different deep learning models at SNR=4 dB, adapted from [31]
Model Pd @ 4 dB (%)
SVM 88
LR 89
CNN 90
LSTM 93
LSTM-CNN 95

4.5. Limitation of the proposed method
This study investigated a comprehensive spectrum sensing framework combining FB signal decompo-

sition with CNN, demonstrating resilience in low-SNR and noisy conditions. However, additional and in-depth
research may be required to confirm its scalability and adaptability, particularly in highly dynamic vehicular
communication environments where spectrum occupancy changes rapidly. While the computational complex-
ity has been optimized compared to conventional deep learning approaches, the proposed method still requires
efficient hardware implementations—such as FPGA or ASIC solutions—for real-time deployment in resource-
constrained devices. This limitation may impact the system’s practicality in large-scale vehicular networks
if not addressed. Another limitation concerns the method’s performance under channel fading and multipath
propagation. Since the current evaluation is primarily under AWGN conditions, the robustness of feature ex-
traction in fading-dominated channels remains uncertain. Future studies should explicitly address these prop-
agation impairments to ensure reliability in realistic environments. In addition, latency trade-offs in real-time
demodulation must be considered. Although the FB-CNN design is more lightweight than conventional deep
learning architectures, the convolutional and fully connected layers still introduce non-negligible inference de-
lays. In mission-critical spectrum access scenarios, these delays could hinder timely decision-making, making
optimizations such as pruning, quantization, or deployment on hardware accelerators necessary.

The framework also shows sensitivity to parameter selection, particularly in the FB design and CNN
hyperparameters (e.g., kernel sizes, pooling strategies, and learning rate schedules). Small deviations can lead
to noticeable performance variations, which suggests a need for systematic tuning or automated optimiza-
tion approaches to achieve consistent results across different deployment scenarios. Furthermore, although
the model exhibits strong generalization to multiple modulation formats, its performance across a broader set
of frequency bands, modulation schemes, and non-line-of-sight conditions has yet to be fully validated. Our
results indicate that FB-CNN is more resilient to noise uncertainty than traditional spectrum sensing meth-
ods. Future research may explore lightweight neural network architectures that reduce inference time while
preserving detection accuracy, as well as adaptive learning strategies enabling the model to retrain on-the-fly
in response to evolving spectrum conditions. Practical investigations into real-world vehicular testbeds, di-
verse geographic regions, and spectrum sharing scenarios with heterogeneous communication systems will be
essential to ensure robustness, scalability, and regulatory compliance.
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5. CONCLUSION
This work has presented a novel spectrum sensing framework that integrates FB signal decomposition

with CNNs for PU detection in connected vehicle networks. The proposed FB-CNN approach achieves: i)
improved accuracy, with detection probability gains of 5–10 dB over conventional ED, and up to a fourfold im-
provement for certain modulation schemes in low-SNR conditions; ii) enhanced robustness, owing to FB-based
spectral feature extraction that mitigates noise sensitivity; and iii) broad applicability, with support for multiple
modulation formats (BPSK, QAM, FSK, and GMSK) and adaptability through dynamic thresholding. While
the results demonstrate clear advantages, the study is limited to simulated environments and a predefined set of
modulation schemes. Performance under complex real-world conditions—such as multipath fading, shadow-
ing, and interference from non-cooperative sources—remains to be validated. Furthermore, the computational
cost of CNN inference may impact deployment on resource-constrained platforms. Future work will address
these limitations by conducting field trials in vehicular and roadside units, investigating higher-order modu-
lation schemes, and developing adaptive or online learning mechanisms for dynamic spectrum environments.
Additionally, lightweight neural architectures and model compression techniques will be explored to reduce
latency and power consumption for embedded automotive applications.
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