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ABSTRACT

With the increasing demand for reliable and efficient V2X (Vehicle-to-Everything) communications in
cognitive radio environments, spectrum sharing becomes imperative. In this context, accurate modulation
classification serves as a fundamental component for efficient spectrum sensing and allocation. This paper
proposes a novel approach utilizing Convolutional Neural Networks (CNNs) trained on spectrograms of
BPSK and QPSK modulation schemes for automatic modulation classification in V2X scenarios.
Experimental results demonstrated the effectiveness of the proposed CNN-based framework in accurately

classifying modulation schemes in V2X communications.
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I.  INTRODUCTION

The rise of cognitive radio and connected cars has created a
need for reliable and efficient wireless communication systems.
One key challenge in these systems is Automatic Modulation
Classification (AMC), which involves identifying the
modulation scheme used to transmit signals over a wireless
channel. Traditional approaches to AMC have limitations,
particularly in dealing with varying channel conditions and
multiple modulation schemes [1, 2]. Deep Learning (DL) [3]
has shown promising results in improving AMC performance,
particularly in the presence of channel impairments. DL is a
subset of machine learning that involves training artificial
neural networks to learn and make predictions on complex data
[4, 5]. DL models can effectively learn the underlying
characteristics of radio signals for modulation pattern

recognition, leading to improved classification performance [6,
71. In cognitive radio systems, where the available spectrum is
dynamically allocated based on real-time demand, DL-based
AMC can improve spectrum utilization [8, 9] and reduce
interference. Similarly, in connected cars, where reliable
communication is critical to safety and performance, DL-based
AMC can improve signal quality and reduce latency. Recent
research has explored DL-based AMC approaches in both
cognitive radio and connected cars with promising results.
Recent studies have proposed DL-based AMC methods using
Convolutional Neural Networks (CNNs) to classify signals in
cognitive radio networks with dynamic spectrum access. Other
studies have proposed DL-based AMC methods using a hybrid
CNN-Recurrent Neural Network (RNN) approach for
connected cars [10, 11]. Overall, DL-based AMC has the
potential to improve wireless communication systems in
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cognitive radio and connected car applications, leading to more
reliable and efficient performance.

II. MATERIALS AND METHODS

This section presents the proposed AMC system design. To
evaluate the proposed system, RadioML 2016.10A was used,
which is an RF dataset for machine learning developed by
Deepsig Inc. [12].

A. System Model

The system begins with preprocessing of raw signal data,
adapting it into a suitable format for CNN-based analysis. The
neural network is designed to capture and understand intricate
modulation patterns. The training process involves optimizing
the network's parameters [13]. The proposed system model was
evaluated using standard metrics [14, 15].

“Y
Digital signal

Source and Source
-
modulator Channel encoder signal
Y
Modulation Signal Source and Received
> »
Classifier demodulator Channel decoder signal
Fig. 1. Digital communication model.

B. Mathematical Model

This section describes the mathematical modeling of IQ
data using BPSK and QPSK modulation schemes, as well as
the noise characteristics of the RadioML 2016.10A dataset.
The representation of complex baseband signals, noise
modeling, and the impact of Signal-to-Noise Ratio (SNR) are
discussed in detail.

1) Complex Baseband Signal Representation

In a digital communication system, the transmitted signal is
represented using In-phase (/) and Quadrature (Q) components,
which form the complex baseband signal. Mathematically, this
signal can be expressed as:

s(t) =1(¢) +jQ(®) ey

where s(t) is the complex baseband signal, I(t) is the in-phase
component of the signal, and Q(t) is the quadrature-phase
component of the signal.

2) Binary Phase Shift Keying (BPSK)

In BPSK, each symbol represents a single bit, resulting in
two possible phase states: 0 and mw. The transmitted BPSK
signal can be represented as:

s(t) = Acos(2rf .t + mm) 2)

where A is the amplitude of the signal, f. is the carrier
frequency, and m € {0,1} is the bit being transmitted. In
complex form, the BPSK signal is expressed as:

sin]=A+«(1—-2m) =tA 3)

where A is a constant amplitude and m is the binary symbol (0
or 1), mapped to either +A4 or —A . This representation

simplifies to a purely real signal with Q = 0, meaning the
modulation only affects the in-phase component.
3) Quadrature Phase Shift Keying (QPSK)

In QPSK, each symbol represents 2 bits, allowing four
possible phase shifts: 0, % m and 3?" The QPSK signal is
represented as:

s(t) = Acos(2rf.t + 0,) + jAsin(2rf.t +6;) (4)

where A is the signal amplitude and 6; € {0, g, T, 3?"} represents

the phase corresponding to the transmitted symbol. The
complex representation for QPSK is given by:

s[n] = A(I[n] +jQ[n]) ®)

where I[n], Q[n] € {1} represent the in-phase and quadrature
components. Each 2-bit pair is mapped to a unique phase shift,
such as:

e 00 »A+jA
e 01 5 —A+jA
e 10 5A—jA

e 11 5—A—jA

This mapping enables QPSK to achieve higher data rates
compared to BPSK by encoding more bits per symbol.

4) Noise Model

In real-world communication systems, signals are subject to
noise, which affects their integrity. The RadioML 2016.10A
dataset introduces noise in the form of Additive White
Gaussian Noise (AWGN) to simulate different SNRs. The
received signal is thus modeled as:

r[n] = s[n] + win] (6)

where r[n] is the received noisy signal, s[n] is the transmitted
modulated signal, and w[n] is the noise component, modeled
as a complex Gaussian random variable. The noise w[n] is
decomposed into its in-phase and quadrature components:

wln] = wi[n] + jwy[n] @)

where w;[n] is the noise affecting the in-phase component /(t)
and wy[n] is the noise affecting the quadrature component

Q).

Both w;[n] and wy[n] are drawn from a Gaussian
distribution with mean zero and variance o2 . The noise
components are independent and identically distributed.

5) Signal-to-Noise Ratio (SNR)
SNR is a key metric that quantifies the relative power of the
signal compared to the noise power. It is defined as:

_ P
SNR = - (8)

w

where P; is the average power of the transmitted signal s[n],
and P, is the average power of the noise w[n]. In discrete
form, the SNR is given by:
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E[|s[n]|*]
Eflw[n]|?] ©

The RadioML 2016.10A dataset includes data at various
SNR levels, ranging from -20 to 18 dB, to simulate different
channel conditions. As the SNR decreases, the impact of noise
becomes more significant, making it challenging for a classifier
to distinguish between different modulation types.

SNR =

6) Received Signal Representation

After adding noise, the received signals for BPSK and
QPSK can be written as in (10) and (11), respectively.

r[n] = £4 + wy[n] 10)

In this case, the noise is added directly to the in-phase
component of the signal.

r[n] = ([n] +w;[n]) +j(Q[n] + we[nl) an

For QPSK, noise affects both the in-phase and quadrature-
phase components equally [16, 17].

C. Proposed Architecture

Figure 2 shows the proposed feature image-based AMC
architecture. The AMC part consists of a feature extractor and a
CNN classifier. When the AMC scheme has received the
signals, the feature extractor extracts the features and
transforms them into an image. Then, CNN classifies the
modulation type based on previous learning [18].

Receiver

Fig. 2. CNN-based AMC architecture.

Initially, the dataset is divided into training and testing sets
with an 80:20 split. Preprocessing steps convert the raw signal
data into spectrograms. These spectrograms are then
normalized to a consistent range, typically between 0 and 1, to
facilitate stable model training. Following normalization, the
spectrogram images are reshaped to a uniform dimension,
ensuring consistency in input size and format for the neural
network.

Once preprocessing is complete, the training phase involves
feeding the augmented spectrograms into the neural network,
where the model learns to classify BPSK and QPSK signals
through backpropagation and optimization algorithms. During
training, the model's performance is monitored to prevent
overfitting using methods such as early stopping and dropout
[19, 20].

- Preprocessing - Normalization - Reshaping ~  CNN
80%
RadioML | ™
2016.10A
20%

- Preprocessing - Normalization - Reshaping ~  CNN
Performa_1nce< Classification
evaluation

Fig. 3. Methodology.

II. SIMULATIONS AND DISCUSSION

A. Description of Experimental Dataset

The RadioML 2016.10A dataset was used to evaluate the
performance of the proposed model, which comprises 220,000
samples with 11 different modulation types. The dataset was
generated using a software-defined radio to perform I/Q dual-
channel sampling, with a data length of 128. The SNR of the
samples ranges from -20 dB to 18 dB, with a step size of 2 dB.
The channel noise is white Gaussian noise. The dataset
includes various modulation types, such as BPSK, QPSK,
8PSK, AM-DSB, AM-SSB, CPFSK, GFSK, PAM4, QAM16,
QAMG64, and WBFM. The sampling frequency is set at 200
KHz, with a sample length of 128. The dataset includes
sampling rate and carrier frequency offsets with standard
deviations of 0.01 Hz and maximum offsets of 50 and 500 Hz,
respectively. Table I summarizes dataset parameters and
components [21, 22].

TABLE L. DATASET PARAMETERS AND COMPONENTS
RadioML 2016.10A
Parameter Value
Sampling frequency 200 KHz
Sampling rate' offset standard 0.01 Hz
deviation
Maximum sampling rate 50 Haz
offset
Carrier frequenf:y _offset 0.01 Hz
standard deviation
Maximum carrier frequency 500 Hz
offset
Sample length 128
SNR range -20to 18 dB
8PSK, AM-DSB, AM-SSB,
Modulations BPSK, CPFSK, GFSK, PAM4,
QAM16, QAM64, QPSK, WBFM
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RadioML 2016.10a conv2d_3_input | input: | [(None, 223, 163, 3)]
InputLayer output: | [(None, 223, 163, 3)]
[ BPSK J [QPSKJ [ J [ 8PSK J v
conv2d_3 | input: (None, 223, 163, 3)
A 4 A4 v v

—20dB} [—18dBJ [ J { 18dB ] Conv2D | output: | (None, 221, 161, 32)

_z max_pooling2d 3 | mput: | (None, 221, 161, 32)

Fig. 4. DeepSig Inc. RadioML 2016.10A dataset structure.

Figure 5 illustrates BPSK and QPSK signals at various
SNR levels (-20, 0, and 18 dB). These spectrograms visually
demonstrate how signal clarity improves with higher SNR,
providing a critical link between the dataset's quantitative
parameters and their practical impact on signal quality.

BPSK -20dB BPSK 0 dB BPSK 18 dB
- -

QPSK 0 dB QPSK 18 dB
BPSK and QPSK spectrograms for different SNRs.

[ —

;

QPSK -20 dB
Fig. 5.

B. Proposed Models

CNNs are particularly influential in image processing due
to their unique architecture. In contrast to traditional fully
connected networks, CNNs exhibit distinctive characteristics
that contribute to their efficacy. Local connection entails that
each neuron is connected to only a small subset of neurons in
the preceding layer, significantly reducing the number of
parameters. Weight sharing allows a set of connections to share
the same weight, eliminating the need for individual weights
for each connection and further reducing parameters. Lastly,
downsampling, achieved through the pooling layer, decreases
the number of samples per layer, diminishing parameters while
concurrently enhancing model robustness [23, 24].

1) AMC-CNN Model

The architecture, presented in Figure 6, starts with three
convolutional layers, each characterized by a Rectified Linear
Unit (ReLU) activation function, and the network progressively
reduces spatial dimensions through MaxPooling layers. The
flattened output is fed into fully connected layers with 128 and
64 neurons, each employing ReLU activation functions,
culminating in an output layer with 2 neurons and a Softmax
activation function suitable for multiclass classification tasks.
The model is compiled using the Adam optimizer and
categorical cross-entropy loss [25]. The training was performed
with a batch size of 100 over 100 epochs and a validation split
of 20%.

MaxPooling2D | output: | (None, 110, 80, 32)

A4

conv2d 4 | nput:

Conv2D

(None, 110, 80, 32)
(None, 108, 78, 64)

output:

\
max_pooling2d 4 | mput:
MaxPooling2D

(None, 108, 78, 64)
(None, 54, 39, 64)

output:

conv2d_5 | mput: [ (None, 54, 39, 64)

(None, 52, 37, 128)

Conv2D | output:

A4
max_pooling2d_5 | mput:

MaxPooling2D

(None, 52, 37, 128)
(None, 26, 18, 128)

output:

A

flatten_1 | nput:
Flatten

(None, 26, 18, 128)
(None, 59904)

output:

A
dense_3 | input:

(None, 59904)

Dense | output: (None, 128)
A4
dense_4 | input: | (None, 128)
Dense | output: | (None, 64)
A4
dense_5 | mput: | (None, 64)
Dense | output: [ (None, 2)
Fig. 6. AMC-CNN implementation.

2) AMC-AlexNet Model

AlexNet is a CNN, presented in Figure 7, that is 8 layers
deep, featuring convolutional layers with varying filter sizes
and max-pooling for spatial reduction, followed by a flattening
step. Subsequently, three fully connected layers are integrated
with decreasing neuron counts. The output layer, designed for
multiclass classification, consists of 2 neurons utilizing a
softmax activation function. The model is trained using the
Adam optimizer and categorical cross-entropy loss, with the
training history tracked over 100 epochs and a batch size of
100, including a validation split of 20% [26, 27].
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conv2d_11_input | input: | [(None, 223, 163, 3)] 2) Hyperparameters
InputLayer | output | [(None, 223, 163, 3)] Hyperparameters included learning rate, batch size, number
l of epochs, and the choice of optimizer and loss function. Table
com2d 11 | imput. | (Nome, 223, 163, 3) II summarizes thes'e critical hyperparameters, Rrowdmg a
Comv2D | output. | (None, 54, 39, 96) foundation for effective model development and tuning.
TABLE II. HYPERPARAMETERS
max_pooling2d 9 | mput: | (None, 54, 39, 96) Hyperparameters
MaxPooling2D output: | (None, 26, 19, 96) Parameter CNN Alexnet
l Optimizer Adam Adam
— ] Epochs 100 100
batch_normalization_3 | input: | (None, 26, 19, 96) Batch size 100 100
BatchNormalization output: | (None, 26, 19, 96) . Categorical Cross- Categorical Cross-
Loss function
l entropy entropy
Learning rate 0.001 0.001
conv2d_12 | input: | (None, 26, 19, 96) 7769474 45605562
Conv2D | output: | (None, 26, 19, 256) Total parameters (29.64 MB) (173.97 MB)
l Trainable parameters 7769474 45604346
v P (29.64 MB) (173.97 MB)
max_pooling2d_10 | input: | (None, 26, 19, 256) flatten_3 | input: | (None, 5, 4, 256) Non-trainable parameters 0 (0.00 Byte) 1216 (4.75 KB)
MaxPooling2D output: | (None, 12,9, 256) Flatten | output: (None, 5120)
l 3) AMC-CNN Training Results
batch lization_4 | input: ,12,9,256 lense_10 | input: L5120 . L
; ctl_l:;mm u; :n_ mp“t (None o 6) (eDn e mP“t ((g"“e 40%; The CNN classifier demonstrated substantial improvement
a k . , 12,9, 25 ense output: one, 40¢ o .
atchNomalization | output: | (None ) . o . over 100 epochs. The training loss decreased from 0.6978 to

' .

conv2d_13 | iput: | (None, 12,9, 256) dropout_2 | input: | (None, 4096)

Conv2D output: | (None, 12, 9, 384) Dropout | output: [ (None, 4096)

l '

conv2d_14 | iput: | (None, 12,9, 384) dense_11 | input: | (None, 4096)

Conv2D output: | (None, 12, 9, 384) Dense output: | (None, 4096)

: l

conv2d_15 | iput: | (None, 12,9, 384) dropout_3 | input: | (None, 4096)

Conv2D output: | (None, 12, 9, 256) Dropout | output: [ (None, 4096)

' '

max_pooling2d_11 | mput: | (None, 12,9, 256) dense_12 | input: | (None, 4096)

MaxPooling2D output: | (None, 5, 4, 256) Dense output: | (None, 1000)

: .

batch_normalization_5 | mput: | (None, 5, 4, 256) dense_13 | input: | (None, 1000)
BatchNormalization output: | (None, 5, 4, 256) Dense output: (None, 2)
[
Fig. 7. AMC-Alexnet implementation.

C. Experimental procedure

1) Categorical Cross-Entropy

Categorical cross-entropy [24] is a commonly used loss
function in multiclass classification problems. It measures the
difference between the true distribution (labels) and the
predicted distribution (model outputs). For a single instance,
the categorical cross-entropy loss is defined as:

L=-3Y, ylog(p;) “)

where N is the number of classes, y; is the binary indicator (0
or 1) if class label i is the correct classification, and p; is the
predicted probability of class i. In practice, categorical cross-
entropy is used to train models to produce probabilities that
closely match the true class distributions, minimizing the loss
to improve classification accuracy.

0.0001, while the accuracy increased from 52.65% to 100%.
The validation loss started at 0.6627 and reached 3.4710, with
the validation accuracy increasing from 58.92% to 75.50%.
These results indicate the model's strong learning capability
and effective training progression. The final training accuracy
of 100% suggests that the model effectively captured the signal
characteristics. The validation accuracy stabilizing at 75.50%
reflects consistent performance on unseen data.
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4) AMC-Alexnet Training Results

The training and validation performance of the model over
100 epochs showed significant improvement. Training loss was
reduced from 1.85 to 0.31, and training accuracy increased
from 28.44% to 84.97%. The validation loss initially
fluctuated, peaking at 3.73, and eventually stabilized at 3.07.
Meanwhile, the validation accuracy improved from 29.19% to
43.48%. These results indicate effective learning in training.

D. Model Testing

This study systematically assessed the performance of the
proposed model across a diverse range of SNRs, spanning from
-20 to 18 dB. This testing method aimed to evaluate the
robustness of the model in the presence of varying levels of
noise. By examining key metrics such as accuracy across this
broad range, valuable insights can be gained into the network's
ability to handle both low and high SNR scenarios.

E. Analysis of Results

1) Performance Metrics

The performance of modulation classification is usually
measured by the accuracy metric, which can be generally
calculated as follows:

TP+TN
Accuracy = ——— 5
Y = TP+TN+FP+FN ©)

where TP, TN, FP, and FN denote True Positives, True
Negatives, False Positives, and False Negatives, respectively.
The results can be reported using confusion matrices, which are
commonly used in the machine learning domain [28, 29].

2) SNR Range Effect in Test Results

The SNR is critical in AMC, as it affects the classification
accuracy, and low SNRs challenge the discrimination of similar
modulations. Testing across SNR levels ensures model
robustness in real-world conditions. It also enables fair
benchmarking and highlights areas for optimization in noisy
environments. Proper SNR selection ensures reliable
performance evaluation [30, 31].

Choosing an SNR range from -20 to 18 dB is vital, as it
covers extreme noise conditions to near-ideal scenarios. Low
SNRs (e.g., -20 dB) test the model's ability to classify under
heavy noise, while higher SNRs (e.g., 18 dB) evaluate
performance with clearer signals.

3) AMC-CNN Testing Results

The confusion matrix, shown in Figure 12, reveals that the
CNN accurately classified 1584 BPSK and 1467 QPSK signals
while misclassifying 436 BPSK as QPSK and 506 QPSK as
BPSK. This indicates a high classification accuracy but also
highlights the presence of some misclassification errors
between the two signal types. The Probability Of Detection
(POD) generally increases as the SNR improves. At lower SNR
values, the POD fluctuated but started to consistently increase
above 50% as SNR reached -4 dB. The CNN achieved over
90% POD at 0 dB and maintained high accuracy (95-98%) for
SNR values above 10 dB.

4) AMC-Alexnet Testing Results

The AlexNet model demonstrated similar performance.
Both models exhibited proficiency in signal classification with
minor differences in misclassification rates. The transfer
learning application of AlexNet for BPSK and QPSK signal
classification shows a POD increase with increasing SNR.
Initially fluctuating around 50% at low SNR values, it
improved considerably from -6 dB onward. Exceeding 90% at
0 dB and 98% at 2 dB, it maintained robust accuracy (95-99%)
for SNRs above 10 dB.

Confusion Matrix

v
%]
[«
o
(]
3 CNN
'_
v
Q- 506
o
BPSK QPSK
Predicted
Confusion Matrix
¥
o 526
@
()]
= Alexnet
|_
v
9. 446
o
BPSK QPSK
Predicted
Fig. 12.  Confusion matrices.
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5) Performance Metrics Comparison with Prior Works

Table III provides a performance comparison of different
automatic modulation recognition methods.

TABLE III. PERFORMANCE METRICS COMPARISON
Ref. Model Modulations Results
80% at 0 dB
[32] 4-layer CNN 11 <60% at -5 dB
CNNs : At 5 dB:
AlexNet 82%
[33] VGGI16 07 86%
VGGI19 87%
Resnet18 91%
. 06 Radar
[34] BiLSTM Waveforms 83% at 0 dB
97.5 % at 6 dB
Proposed CNN 2 91.5% at 0 dB
64% at -4 dB
95.5 % at 6 dB
Proposed Alexnet 2 93.5% at 0 dB
71.5% at -4 dB

These results clearly demonstrate that advanced models,
such as CNN-based architectures, achieve higher accuracy
compared to traditional methods such as BiLSTM, especially at
challenging SNR levels. The CNN-based model achieved
97.5% accuracy at 6 dB, 91.5% at 0 dB, and maintained
competitive results at -4 dB, showcasing robustness even in
low-SNR scenarios. Similarly, the AlexNet-based model
showed strong results.

IV. CONCLUSION

The proposed models demonstrated superior performance
in AMC, significantly outperforming existing approaches under
various SNR conditions. A key contribution of this research is
the targeted training approach, which focuses on resolving
confusion between closely spaced modulations, such as BPSK
and QPSK, that share similar spectral properties. Addressing
these challenging classes enhances the model's ability to
differentiate between them, leading to improved overall
classification accuracy. Future work will explore broader
modulation schemes and real-world datasets to further refine
the models, ensuring their practical applicability in dynamic
spectrum  access  scenarios, particularly for V2X
communications, where reliable data transmission is crucial in
challenging wireless environments. Additionally, integrating
these models into a Multi-Task Learning (MTL) framework

could further enhance their ability to distinguish between
confusing modulation classes, improving overall performance.
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