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Abstract: Automatic Modulation Classification (AMC) is a significant decision-making process in
non-cooperative, 5G, and beyond communication systems. Advancements in Artificial Intelligence
(AI) led to the implementation of Deep Learning (DL) to provide superior performance over the
feature extraction and offline training process of AMC. In this work, we proposed a hybrid modulation
classification architecture by integrating Convolutional Neural Networks (CNN) with ML classifiers
such as Random Forest (RF), Support Vector Machine (SVM), and Extreme Gradient Boosting
(XGBoost). The Radio Frequency Signal Classification (RFSC) dataset consists of data collected
under different Signal-to-Noise Ratio (SNR) scenarios to analyze the resilience of the classifiers.
Among all architectures, the Deep Convolutional Layer based RF (D-CNL-R) model achieved superior
modulation recognition accuracy due to its enhanced capability to learn complex nonlinear feature
distributions. We observed that the training overhead of the proposed D-CNL-R reduced to ≃ 1×
with better classification accuracy performance. We also presented an experimental approach for the
prediction performance of real-time signals for indoor and outdoor scenarios.
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1. Introduction

The future 5G and beyond cellular systems [1–4] are expected to support a billion users with a
trillion devices, namely massive Machine-Type Communications (mMTC), and Internet-of-Vehicles
(IoV) services. With the high cost of signaling overhead and energy consumption, massive devices
place a huge traffic load on base stations. In [5], Automatic Modulation Classification (AMC) can
be adopted to blindly identify modulation classes without handshaking, thus reducing the signaling
overhead of physical channels. Thus, AMC plays a vital role in future Artificial Intelligence (AI)-based
intelligent modems to enhance resource allocation and dynamic scheduling. Moreover, it has been
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widely used in electronic warfare to determine the enemy’s intercepted communications in military
environments [6]. Furthermore, it has been extended to spectrum monitoring [7], Link Adaptation
(LA) [8], Dynamic Spectrum Access (DSA) [9], traffic prediction [10], and Cognitive Radio (CR) [11]
to allow better spectrum efficiency and higher data rates. Traditionally, AMC has also been considered
as a conventional pattern recognition problem in the field of feature extraction and classification.

Machine Learning (ML)-based approaches applied in the areas of multi-class Radio Frequency
Interference (RFI) detection [12] and AMC [13]. However, in classical ML approaches, the complexity
of activities such as data preprocessing, feature extraction, feature selection, etc., severely reduces the
precision in terms of both efficiency and accuracy.

Deep Learning (DL) is a sub-class of ML, have shown exceptional results in the context of
AMC [14] to address the challenges mentioned above. The enormous amount of data processing
layers in a hierarchical design is used in DL-based algorithms for pattern recognition and feature
extraction [15]. Convolutional Neural Networks (CNN) have been utilized for object detection in
computer vision domains [16]. In addition, DL [17] lacks a sufficient dataset to train the model,
particularly in supervised learning applications. To solve this problem, image-based CNNs have
become more popular in recent days. It is a process of reusing pre-defined CNN models on a huge
dataset that has already been built, such as the ImageNet project [18].

1.1. Related works

In a wireless communication system, AMC is a key approach to accurately detect and decode
signals. A two-step procedure consists of signal pre-processing [19] and model development phases.
The major advancements in the field of ML have been achieved by improving the learning algorithm,
hardware resources, and training datasets [20]. Training datasets are limited in many important
AI applications, such as Natural Language Processing (NLP), computer vision, and modulation
recognition [21]. The Cycle Frequency-Domain Profile (CDP) detection technique has been used to
extract the necessary features [22], which are fed into neural networks for a classification task [23]. To
improve the efficiency of AMC algorithms, Multi-Layer Perceptron (MLP) [24], CNN [25], Residual
Network (ResNet), and Dense Convolutional Network (DenseNet) have been developed.

Traditional CNN models such as Alexnet [26] and GoogleNet [27] achieve higher classification
accuracy at the cost of significant computational complexity. Additionally, the LeNet [28] architecture
has been tested for various 3GPP standard waveforms such as π2 -BPSK, QPSK, 16QAM, 64QAM
and 256QAM. In addition, the CNN model has been evaluated for four modulation classes, such
as BPSK, QPSK, 8PSK, and 16QAM [29]. In related work, it has been found that predominantly
I/Q-based samples are adopted for classification. In [30], a novel accumulated polar feature-based
AMC has been demonstrated for both online and offline training processes along with channel
compensation techniques. Recently, Recurrent Neural Network (RNN) models [31], such as Long
Short-Term Memory (LSTM) [32], Gated Recurrent Unit (GRU) [33], and Convolutional Long Short-
Term Memory Deep Neural Network (CLDNN) [34] have been developed for modulation classification
that adopts temporal-related features. Hybrid frameworks have been explored, such as combining
a homogeneous ensemble of identical Deep Neural Network (DNN) with a heterogeneous hybrid
architecture [35] and hand-crafted features with Support Vector Machines (SVMs) [36].
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1.2. Problem statement

From the literature review, it has been found that there are still difficult problems in modulation
classification tasks. In addition, the performance of the classifier is entirely dependent on the quality of
these manually engineered features, which have high computational complexity. However, traditional
ML methods are based on prior information and variations in the sensitivity of the system. Complex
problems might require more features to achieve acceptable classification accuracy. However, the CNN
model has achieved better results by mapping informative features into images, but its classification
performance for real-time signals is still in an early development stage. Therefore, the classification
process becomes an essential part of the AMC process and hence gains more attention towards the
adoption of classifiers. The ensemble learning process used in the RF classifier achieves better accuracy
through the principle of majority voting. Such a generalized process finds it more attractive for complex
RFSC datasets and expects further improvements in the classification accuracy performance.

Primarily, the process of converting one-dimensional (1D) time-domain data into a two-dimensional
(2D) image dataset using unsigned integer (uint8) encoding technology can be performed without
noise-suppression preprocessing and retains valuable information in the original signal. The feature
extraction strategies require complex models for feature detection, which leads to the design of low
protractible futuristic model. Hence, feature detection becomes a requirement to overcome the lack
of informative features. Secondly, DL methods are not precisely discussed from the point of view
of AMC. Finally, the capabilities of the DL model’s feature extraction and the ML as a classifier
basis have been stacked to improve the overall classification accuracy. To address these issues and
implement models with higher classification performance, we propose a Deep Convolutional Layer
based ML classifier (D-CNL-M) model.

1.3. Contributions

The core objective is to apply the proposed D-CNL-M model to AMC using the RFSC dataset. The
RFSC dataset has been created using a transmitter (Deep Radio) and a Receiver (Wi-Guy). The dataset
consists of seven modulation classes (CPFSK, GFSK, 64QAM, BPSK, 16QAM, GMSK, and QPSK)
whose samples are captured via software defined radio (SDR) in real-time.

• The proposed D-CNL-M model has been applicable to any image-based classification problem
since it can learn the features from any image dataset. Therefore, we can train a reasonable
count of convolutional layers on the dataset and use their predictions as input features to the
ML-classifier that reinforces the reliability of the final prediction output. The proposed model
combines the classification ability of ML with the feature extraction of convolutional layers.
• A research methodology to implement the proposed D-CNL-M model for training, testing, and

recognition of modulation classes has been elaborated in detail. A comprehensive analysis and
performance evaluation of the baseline CNN model has been compared with the proposed hybrid
models such as Deep Convolutional Layer based RF classifier (D-CNL-R), Deep Convolutional
Layer based Support Vector Machine classifier (D-CNL-S) and Deep Convolutional Layer based
Extreme Gradient Boosting (D-CNL-X). The offline training overhead has been evaluated and
presented for different models.
• The performance metrics of different hybrid models with CNN model have also been analyzed.

We also extend the work to identify the modulation type used in real-time cellular signal
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transmissions, which are captured from nearby cell towers under different scenarios.

2. System model

Deep Radio (DR) combines the GNU companion, a telescopic antenna, and HackRF to form a
transceiver. HackRF is a popular SDR device that can both send and receive signals over a wide range
of 50 MHz to 6 GHz. The in-built open-source GNU platform can be programmed and managed
as a standalone system. The Wi-Guy receiver comprises RTL-SDR to capture the samples from the
transmitter. The received signal r(t) samples are decimated and fed into the RF to matrix conversion
block, which converts RF samples into image format with size (IH × IW × IC), where IH is the height
size, IW is the width, IC is the number of channels or nature of the image, respectively. It is fed as
input to the CNN model, which performs feature extraction, providing details on low and high-level
features. These features are passed into the NN/ML classifier to perform modulation classification. The
modulation class has been identified in real-time cellular signals to provide the best decision strategy
to maximize performance without causing any interference in future cellular systems.

2.1. Signal model for data acquisition and pre-processing

We have chosen two SDRs for transmission [37], and reception [38] of different modulated
waveforms using DR and Wi-Guy [39] respectively. The received baseband complex signal envelope
can be written as

r(t) = s(t; mi) + g(t) (2.1)

where, s(t; mi) defines the complex envelope of the received signal, and g(t) denotes complex Additive
White Gaussian Noise (AWGN). The noise-free signal s(t; mi) can be modeled as [40],

s(t; mi) = αe j2π(∆ f t+θ)
l∑

j=0

e jϕ j si
ju(t − ( j − 1)Ts − ϵTs) (2.2)

where, α denotes the amplitude of the signal, ∆ f represents the carrier frequency offset, θ is the carrier
phase, ϕ j is phase jitter, Ts is the symbol period, ϵ is the time epoch between the transmitter and
receiver, u(t) = p(t)⊗h(t) defines the nature of channel response h(t) with transmit pulse shape p(t). mi

represents a channel vector for the ith modulation class. The main objective of the work is to identify
the modulation class from the captured RF signal r(t) samples. The raw I/Q samples are converted into
dataset vectors (using uint8 encoding technology) and further converted into a suitable image format
(IH × IW × IC) that is the most suitable input size for Convolution layers [41]. The advantage is that it
explores the 2D features of the original signal by retaining the original informative features in the data
without expert assistance. In our work, for each raw 1D signal consisting of 1568 data samples, the
gray matrix image size has been set to 28 × 28 × 2.

2.2. Proposed model

The convolutional layer extracts the signal features with the dimensions 3 × 3 of the convolutional
kernels and the max pooling operations as shown in Figure 1. Deep convolutional layers have been
applied to extract more representative features from raw I/Q data with a higher degree of dimension
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Figure 1. The Proposed D-CNL-M Architecture for AMC: Three convolutional layers and a
flattened layer for feature extraction; ML is a classifier.

while choosing the training samples. Moreover, the adoption of convolution filters enables feature
extractors in the convolutional layers to be tolerant of shifting the noise while training the data samples.
The zero-padding has been adopted to optimize the structure of the convolutional layers to control
overfitting issues. The ML-classifier has a stronger generalization ability for classifying the various
modulation types than the NN classifier.

The ML-classifier is more complex and reliable than the NN classifier, since it is composed of
boost and bagging strategies to obtain better classification performance. The proposed D-CNL-M
model integrates the capabilities of the convolutional layer as a feature extractor, and the ML model
works as a classifier. The ML-classifier performs better on input features represented in tabular format
than on raw samples. However, in case the NN classifier can be formed by a network of neurons that
cannot operate without each other and is grouped into layers for data processing and move towards the
upcoming layers. The neurons available in the last layer play an major role in making the decision.

2.3. Classification and decision

The model can be tuned to extract the features from the series of convolutional layers that have been
used as an input to the NN/ML classifier.

• Random Forest (RF) classifier: The R-classifier is a type of ML technique that consists of many
Decision Trees (DTs), that generates the DTs (D1,D2, ....,Dn) for “n” times of single datasets.
For each Di, a complete decision tree ti() is trained from a random selection of “k” features of
dataset that have totally “m” features, where k < m. The algorithm will select the root node with
the maximum information gained. Then, it divides into child nodes and continues “n” times to
form a RF with “n” trees. Every tree relies on an independent random sample to make a decision,
and the most popular class appears as the classification result, as shown in Figure 2. The RF
classifier [42] is defined as

t(x) =
1
n

n∑
i=1

ti(x) (2.3)

where, x defines the label of each modulation class. The classification of input x starts from the
root node, and the above-mentioned process has been repeated until it reaches the corresponding
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Figure 2. Schematic of a RF classifier with n DTs. The final decision on classification is
determined by majority voting by individual DT.

modulation class. The NN uses the softmax activation function, which estimates the maximum
probability between different modulation classes. The R-classifier has been configured with 50
decision trees including parameters such as Gini impurity as the splitting criterion, square-root
feature sampling, unrestricted tree depth, and bootstrap sampling.
• Support Vector Machine (SVM) classifier: This is a type of ML classifier that determines an

optimal path to maximize the separation margin between different modulation classes. Given an
input feature vector x, the decision boundary of the SVM classifier is represented as

wT x + b = 0 (2.4)

where w and b denote the weight vector and bias term, respectively. The SVM optimization
objective is formulated as

min
w,b

1
2
||w||2 (2.5)

subject to
yi(wT xi + b) ≥ 1 (2.6)

where yi indicates the class label corresponding to the input feature vector xi. In this work, the
Radial Basis Function (RBF) kernel is employed to handle the non-linear separability among
different modulation classes.
• Extreme Gradient Boosting (XGBoost) classifier: The X-classifier has an ensemble learning

model that constructs multiple decision trees sequentially to minimize classification errors.
Unlike conventional boosting techniques, XGBoost incorporates regularization to improve
generalization performance and reduce overfitting. The final prediction of the XGBoost classifier
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is expressed as

ŷi =

n∑
k=1

fk(xi), fk ∈ F (2.7)

where fk represents the kth decision tree and n denotes the total number of trees. The objective
function minimized during training is given as

L =
∑

i

l(yi, ŷi) +
∑

k

Ω( fk) (2.8)

where l(·) denotes the loss function and Ω(·) represents the regularization term that controls
the complexity of the model. The XGBoost classifier efficiently captures complex non-linear
relationships among modulation features and improves classification performance under varying
channel conditions.

Table 1. Design parameters for a dataset preparation phase: a typical indoor scenario.

Parameters Values
Scenario Indoor

Length and Width (meters) 10.9 × 9.2
# Transmitter positions 2

# Receiver locations 50
Distance between the transmitters (meters) 10

Spacing between the receivers (meters) 1
Received power range (dBm) {-55,-75}

The different hybrid CNN models and CNN model are generated using the training dataset created
for the indoor scenario. Then, these trained models (CNN, D-CNL-R, D-CNL-S, and D-CNL-X) are
evaluated with the testing dataset collected from the 50 receiver positions of two transmitter locations
for AMC.

3. Research methodology

The RFSC dataset for seven modulation classes have been prepared and transmitted using the GNU
platform in the DR and received through SDR in the Wi-Guy. The dataset in [43] has been processed
and generated using two transmitter locations and 50 receiver positions given in Table 1. Firstly, 50,000
I/Q samples have been captured for each modulation signal. To reduce computational complexity and
memory overhead, the received signals have decimated using a factor of D=12. From the processed
data, 6272 samples (1568 × 4) have been selected for each modulation class and converted into
uint8-based image representations suitable for CNN-based feature extraction. The conversion gives
efficient spatial feature learning while maintaining the essential modulation characteristics required for
AMC. Although uint8 quantization and image transformation may introduce minor information loss,
the representation achieves an effective balance between computational efficiency and classification
performance while preserving sufficient discriminative features for reliable modulation classification.
The D-CNL-M model has been generated and validated using image dataset. Then, the proposed
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Figure 3. Proposed flow diagram for modulation classification/recognition using the D-
CNL-M model.
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model has been tested with dataset received from 50 different receiver positions. Moreover, the
proposed model has been used to identify/recognize the type of modulation in real-time signals such as
GMSK/QPSK, respectively. Interestingly, validation is performed within the training process for each
convolutional layer during the “feature extraction” phase. The RF classifier works on the previous
decision tree output in the “classification” stage. The proposed flow diagram for AMC is shown in
Figure 3.

In our work, the D-CNL-M extracts higher representative features with lesser dimension using
convolutional kernels and max pooling operations. However, each feature corresponds to the output
of a trained convolutional layer. Interestingly, the number of convolutional layers (features) has been
treated as a hyperparameter and introduces a higher degree of arbitrariness in the proposed work.
However, we adopted an M-classifier to choose various features from several convolutional layers in
the final classification performance. The detailed modulation classification procedure of the D-CNL-M
model is described in Algorithm 1.

Table 2. Simulation parameters.

Parameter Symbol Value
Transmit signal power pt 10 dBm

Carrier frequency fc 810 MHz
Sampling frequency fs 2.4 MSps

Decimation value D 12

Modulation classes M
16QAM, 64QAM, BPSK, CPFSK,

GFSK, GMSK, and QPSK
Number of signals

per class
K 500

Samples length N 6272
Training samples Xtr 10,500 (75%)
Testing samples Xte 3,500 (25%)

Batch size B 128
Epochs number - 70
Input image size (IH × IW × IC) 28 × 28 × 2

Signal to Noise Ratio SNR -5 to 10 dB
R-classifier trees n 50

R-classifier random states - 42
SVM kernel type - Radial Basis Function (RBF)

XGBoost evaluation metric - logloss

4. Simulation results and discussions: Modulation classification

We use the RFSC [44] dataset to evaluate the performance of the modulation task. In this work, we
compare the performance of the CNN model with three hybrid CNN models. The system parameters
are listed in Table 2. The training dataset (10,500) is split into two parts: 7,350 training images and
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Algorithm 1 Modulation classification algorithm using D-CNL-M model
Input: Convolutional layers (l), receiver positions (p), and Transmitter locations (T X).

Conversion of I/Q (rb[n]= rb,I[n] + j rb,Q[n]) features into Image matrix
for p← 1 to 50 do

for K ← 1 to 7 do

• Take vth complex dataset vector :rKvϵ CN

• Transform complex into real valued vectors xKvϵ 2N
• Translate xKv into matrix format, RIH×Iw×Ic

• Convert xKv into images (I).

end
end
while T X = 1 do

input signal = Input (shape=(IH, Iw, Ic))
for l← 1 to 3 do

fe=Sequential()
fe.add(Conv2Dl(filters, kernel size, activation, padding))
fe.add(Maxpooling2Dl(kernel size, padding))

end
fe.add(Flatten())

x =fe.output
for Epochs← 1 to 50 do

update weights← optimize : entropy
x for RF = fe.predict (x)
RF model = RandomForestClassifier()
RF model.fit(x for RF, y)
SVM model = SVMClassifier(kernel=RBF)
SVM.fit(x for RF, y)
XGB model = XGBoostClassifier()
XGB.fit(x for RF,y)

end
D-CNL-M model has been generated

end
for p← 1 to 50 do

Classification accuracy (A) for model D-CNL-M:

A(%) =
∑M

i=1(ŷi == yi)∑M
i=1 yi

× 100%.

end
Output: 1. Testing classification accuracy (A)
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3,150 validation images. For all CNN models, Adam optimizer has been adopted, and the categorical
cross-entropy function is used to estimate the model loss during the training process. The Keras 1.18
library with the Tensorflow backend is used to train and test each CNN model. A six-core i5 processor
personal computer with Ubuntu 18.04.2 is used for simulation purposes.

(a) Histogram plot of received signal at high SNR (b) Channel distribution for three SNR scenarios

Figure 4. Channel impairments: Multipath fading.

4.1. Fading channel

Our experiment is conducted under the indoor scenario and the received signal r(t) with an
amplitude ‘α’ following the Rayleigh distribution. The histogram plot of the received signal for the
high SNR scenario is shown in Figure 4a. We find that the Probability Density Function (PDF) of
captured samples follows the theoretical PDF. The PDF of a Rayleigh distribution is given in [45],

p(α) =
A
σ2 exp

(
−

A2

2σ2

)
(4.1)

where, A =
√

I2(t) + Q2(t) is the received signal amplitude α, σ2 = E[α2] is the variance. The PDF of
the received signal at different SNR scenarios is shown in Figure 4b. It can be seen that for Single Input
Single Output (SISO) configuration at medium-low SNR scenarios, the channel response possesses a
flat Rayleigh fading distribution and gradually moves closer to the Rician distribution for high SNR
scenarios.

Indoor channels can be attenuated by penetration losses through walls and floors, resulting in
multipath propagation. The received signal r(t) components arrive in the form of clusters with a
significant number of path delays. Rarely, the indoor channel typically behaves as a Rician channel as
it receives LOS components alone. In the absence of LOS, Rayleigh fading becomes dominant in the
adopted indoor scenario.

Figure 5a presents the nature of the model performance loss for CNN, and D-CNL-M models under
various epoch values. It can be observed that the models does not experience any overshoot beyond the
20th epoch. The results suggest that the models have been perfectly fit with hyper parameters as listed
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(a) Model loss for CNN models (b) Model accuracy for CNN models

Figure 5. Performance analysis of various CNN models.

in Table 2. Figure 5b presents the nature of the model accuracy for pre-defined, CNN, and D-CNL-M
models under different epochs. After feature extraction, the similarity among modulation classes have
become apparently recognised by D-CNL-R and it can achieve superior performance than the other
models even for a lesser epoch value. Moreover, the model accuracy of all models still exceeds 90%
with higher epoch values.

4.1.1. Training overhead (OH)

The offline training process has been performed to generate various hybrid models and baseline
CNN using the training dataset for all seven different modulation classes, listed in Table 3. The training
overhead can be calculated as:

OH = (No.o f .parameters)×
(No.o f .epoch) × (No.o f .samples) (4.2)

Table 3. Offline training overhead for different CNN models.

Parameter No.of
Parameters

Generation
time

(minutes)

Training
overhead

Training
accuracy

(%)

Inference
time

(minutes)
Model TX1&TX2 TX1&TX2 TX1&TX2 TX1&TX2 TX1&TX2
CNN 5,91,751 25 2.36 × 1011, (1×) 93 20

D-CNL-R 6,00,117 25 2.21 × 1011, (1.02×) 99 14
D-CNL-S 5,92,344 27 2.18 × 1011, (1.01×) 96.4 30
D-CNL-X 5,92,451 28 2.19 × 1011, (1.01×) 97.3 28

We can see that baseline CNN achieves the lowest computational overhead of 2.36 × 1011 with
5,91,751 trainable parameters. The hybrid models significantly increase the model complexity due
to the integration of additional ML classifiers such as RF, SVM, and XGBoost. Moreover, it has
been observed that the D-CNL-R model achieves training accuracy of up to 99% at the expense of
less computational complexity owing to the ensemble structure of multiple decision trees in the RF
classifier. Hence, the model generation time and training overhead of the D-CNL-R model appear to

AIMS Electronics and Electrical Engineering Volume 10, Issue 3, 504–526



516

be low compared to other models. The order of complexity for CNN model [46] is defined for L layer
as: O(W) = O(((

∑L
l=1(niln f lnkl(nsl − nkl + 1)) + (ns − nk + 1)n f ) + (n1 + n1n2 + n2n3))nts), Here, n f l and

nkl denote the amount of filters and filter size of the lth layer. nil is the number of input samples, n f

is a number of filters, nhl is the number of hidden units, nol is the amount of output samples, nts is the
number of time steps involved in the training process, L is the number of layers. n1, n2, n3 represent
the number of neurons in the first, second, and third layers of NN, respectively. For a D-CNL-R model
(convolutional layers, flatten layer, and R-classifier), the order of complexity [47] is given by O(W)
= O(((

∑L
l=1(niln f lnkl(nsl − nkl + 1))) + (ns − nk + 1)n f + (kdn log n))nts), where n, d and k denote the

number of data samples in the training dataset, amount of features, and a number of trees, respectively.
Furthermore, the time required for the trained model to classify the modulation class during testing
with all 50 different positions of the receiver, with the two different transmitter locations also included
in the table.

4.2. Performance analysis of testing dataset

4.2.1. Classification accuracy

The proposed hybrid models have been compared with baseline CNN model under various SNR
scenarios. Figures 6a and 6b show the overall testing accuracies for D-CNL-S, D-CNL-X, CNN, and
D-CNL-R from -5 dB to 10 dB in the presence of TX1 and TX2. From Figure 6a, we observe that the
testing accuracy for D-CNL-R is better than other models for various SNR conditions. At a SNR value
of 10 dB, we have noticed that there is a similar performance between CNN and D-CNL-R models.

(a) TX1 (b) TX2

Figure 6. Comparison of classification accuracy for models in the TX1 and TX2 scenario.

We can also observe that the D-CNL-R model achieves 97% accuracy at 10 dB, compared with
other models. Figure 6b shows the overall testing accuracies for various models from -5 dB to 10 dB
in the presence of TX2 alone. It can be seen that the testing accuracy of all four models progressively
increases and remains stable as SNR increases gradually. Among the four models, the D-CNL-R
shows the highest testing accuracy with increasing SNR. For a SNR of 10 dB, D-CNL-R has a testing
accuracy of 95% than the other models.

Table 4 summarizes the performance analysis of the hybrid CNN models in three SNR scenarios:
high (SNR=10 and 6 dB), medium (SNR= 0 and 4 dB) and low (SNR= -5 and -1 dB). At low SNR (-5
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dB), D-CNL-R achieves 49.5% and 15% accuracies in the presence of TX1 and TX2, respectively. At
high SNR (10 dB), D-CNL-R provides 97.5% and 95.3% classification accuracies with TX1 and TX2,
respectively. Moreover, D-CNL-S and D-CNL-X provide a similar accuracy value at a medium SNR
value of 4 dB.

Table 4. Comparison of testing accuracies between the models for three cases of SNR.

CNN
(%)

D-CNL-S
(%)

D-CNL-X
(%)

D-CNL-R
(%)

Case
SNR
(dB)

TX1 TX2 TX1 TX2 TX1 TX2 TX1 TX2

Low
-5 35.3 14.3 33.8 14.0 25.7 14.4 49.5 15.0

-1 50.7 30.9 58.8 60.3 60.9 40.7 72.8 70.8

Medium
0 82.0 69.2 70.7 69.8 75.7 72.8 86.0 87.3

4 80.1 80.4 84.5 76.5 85.0 77.6 94.0 94.4

High
6 85.7 81.5 84.3 78.4 91.1 79.5 93.0 94.6

10 95.7 89.5 88.2 82.9 93.7 89.0 97.5 95.3

4.2.2. Confusion matrix metrics

For each K signal, samples in the test dataset for the m-th modulation class (m = 1, 2, ....,M),
statistics such as true positive (TPm), true negative (TNm), false positive (FPm) and false negative (FNm),
are computed as follows:

• If any one signal (K =500) is identified as a particular m-th class found to be matched with test
data of the same m-th class, it is represented as,

T Pm = Cmm, (4.3)

where Cmm is a confusion matrix element that gives the total count of the correctly identified class
label (ŷi).
• If a signal identified as a particular m-th class is unmatched with the test data of the same m-th

class, it is represented as,

FPm =

n∑
l=1

Clm − T Pm, (4.4)

where n is the total number of classes and Clm is the l-th row of the m-th modulation class
confusion matrix element.
• If a signal is unidentified in a particular m-th class matched with test data of the same m-th class,

it is denoted as

FNm =

n∑
l=1

Cml − T Pm, (4.5)

where Cml is m-th modulation type with its corresponding l-row confusion matrix elements.
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Table 5. Confusion matrix metrics evaluation between the models.

Parameter

Model
Evaluation

time
(minutes)

Classification
accuracy

(%)

F1score
(%)

Precision Recall

Model TX1&TX2 TX1 TX2 TX1 TX2 TX1 TX2 TX1 TX2
CNN 40 61.6 67.7 58.4 64.5 60.1 66.2 61.3 67.1

D-CNL-R 34 65.3 68.4 62.0 62.5 62.8 67.8 64.5 69.2

D-CNL-S 36 63.7 69.3 60.6 63.3 62.7 68.2 59.2 70.4

D-CNL-X 37 65.5 70.3 65.6 63.3 65.7 69.4 62.2 68.4

These intermediate statistics are also used to compute precision (Pm), recall (Rm), and (F1score):

Pm =
T Pm

T Pm + FPm
, (4.6)

The statistics “Recall” used to derive the classification probability of the m − th class:

Rm =
T Pm

T Pm + FNm
. (4.7)

Here, P =
∑M

m=1 Pm

M , R =
∑M

m=1 Rm

M , and F1 = 2 · P·R
P+R .

Figure 7. Comparison of classification accuracies across datasets.

In order to carry out detailed model performance, different confusion metrics such as accuracy,
precision, recall, and F1 score averaged over the testing dataset collected from 50 receiver positions of
two transmitter locations are compared and listed in Table 5. It is revealed that the hybrid models yield
the value of the metric as ≥ 62.0%. Moreover, we also notice that D-CNL-R and D-CNL-X models

AIMS Electronics and Electrical Engineering Volume 10, Issue 3, 504–526



519

achieve similar performance metrics. Furthermore, it is observed that the high Recalling capability of
D-CNL-R produces better F1score, precision, and classification accuracy with lesser execution time
compared to the baseline CNN and other hybrid models.

Figure 7 compares the classification performance of CNN models trained and tested on different
datasets such as RFSC, RadioML, and HisarMod under varying SNR conditions ranging from −5
dB to 10 dB. The D-CNL-R model, developed using the RFSC dataset, consistently achieves higher
classification accuracy compared to models trained on other datasets. This demonstrates the robustness
and adaptability of the proposed model for different signal datasets and across environments.

4.3. Overall classification accuracy

Figure 8a illustrates the performance of seven modulation classes with all four hybrid models in
terms of average classification accuracy (averaged over all receiver positions) in the presence of TX1.
The D-CNL-R model performs well for the modulation classes 16QAM, CPFSK, and QPSK. The
improvement is mainly due to the efficient decision boundary formation of the RF classifier, which
effectively utilizes the deep features extracted from the CNN model. Furthermore, the D-CNL-S
architecture also demonstrates improved classification performance over the baseline CNN model for
various modulation types. However, its performance slightly degrades for higher-order modulation
schemes compared to D-CNL-R and D-CNL-X due to the increased overlap among constellation
features under noisy channel conditions.

(a) TX1 (b) TX2

Figure 8. Comparison of classification accuracy with CNN, D-CNL-R, D-CNL-S, and D-
CNL-X models for TX1 and TX2.
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Figure 9. Measurement setup for real-time RF signal recognition.

Figure 8b shows the average recognition accuracy performance using the TX2. The D-CNL-R and
D-CNL-X models consistently achieve better performance. In particular, the D-CNL-R model achieves
78.9% accuracy for 16QAM and 77.9% for QPSK, whereas the D-CNL-X model achieves improved
performance for CPFSK and GMSK modulation schemes. Hybrid architectures significantly improve
modulation classification accuracy compared to the standalone CNN model. Among all, the D-CNL-R
model achieves the best overall performance due to its efficient learning of complex non-linear features
extracted by the CNN. The results demonstrate that combining deep feature extraction with traditional
ML classifiers enhances robustness and generalization under varying transmitter positions and channel
conditions.

5. Experimental results and discussions: Modulation recognition

The experimental setup to identify the modulation type in the real-time signal is shown in Figure 9.
A valid tested model (CNN/D-CNL-R) is loaded into the Wi-Guy and accessed via smartphone using
the Mobile SSH app. The real-time 2G-GSM and 4G-LTE signals from the nearby base stations are
captured via the mobile ssh app by entering the IP address and port number of the Wi-Guy, as shown in
Figure 10a. Now, we enter the following command in the Wi-Guy terminal to scan the active channel
in the GSM 900 band.

In SDR, the kalibrate (kal) command displays the active GSM channel Absolute Radio Frequency
Channel Number (ARFCN), Channel bandwidth, along with frequency offset variation, and its
corresponding transmitter power values, as shown in Figure 10b. Now, the model adopts collected
RF signals from the active GSM-900 channel to predict the modulation class in the RF transmission,
as shown in Figure 10c. The modulation recognition performance of generated model is verified for a
different location, as shown in Figure 11, and its corresponding recognition accuracies for the active
frequencies scanned at indoor and outdoor scenarios are listed in Table 6.

We observe that the CNN model correctly predicts the modulation type as GMSK in 2G channels,
whereas the D-CNL-R model fails to correctly predict the GMSK class. Furthermore, we extend this
work to predict the modulation class for the 883 MHz (4G) channel. It has been noticed that the
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(a) Credential screen (b) Scanning active bands (c) Modulation recognition

Figure 10. Modulation recognition of RF samples captured from nearby stations in Wi-Guy
Receiver using the mobile ssh app.

Table 6. Recognition performance of real-time 2G/4G signals captured from the nearest base
stations.

Indoor Outdoor

Locations L1 L2 L3

Model
Frequency

(MHz)

CNN D-CNL-R CNN D-CNL-R CNN D-CNL-R

940.8 (2G)
GMSK
(100%)

BPSK
(40%)

GMSK
(91%)

QPSK
(40%)

GMSK
(94%)

CPFSK
(90%)

956.4 (2G)
GMSK
(89%)

GMSK
(82%)

GMSK
(57%)

QPSK
(48%)

GMSK
(90%)

GMSK
(50%)

2150( 4G)
QPSK
98%

QPSK
100%

QPSK
95%

QPSK
100%

BPSK
97%

BPSK
100%

883 (4G)
BPSK
97%

BPSK
100%

QPSK
97%

QPSK
100%

QPSK
96%

QPSK
100%
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Figure 11. Modulation recognition location(L1: Lab, L2: Main Road, and L3: Park, Shenoy
Nagar, Chennai, Tamil Nadu, India [48].

CNN and D-CNL-R models predict the QPSK class with recognition accuracies of ≥ 96% and 100%,
respectively. As is shown, the Physical Broadcast Control Channel (PBCH), Cell Reference Signals
(CRS), Secondary Synchronization Signals (SSS), and Primary Synchronization Signals (PSS) in 4G
uses QPSK modulation for the control signal transmission. The data are transmitted either by QPSK
or any one type of QAM: 16QAM, 64QAM modulation as specified in the 3GPP standard [49]. The
work can be further extended to the 5G cellular system by including the 256 QAM modulation class.

6. Conclusions

This paper presented a novel D-CNL-M classifier model for AMC. In this approach, the D-CNL-M
utilizes the RFSC dataset to extract more informative features, which are then passed via ML classifiers
such as RF, SVM, and XGBoost. Initially, RF I/Q signal samples have been transformed into image
representations, and deep spatial features have been extracted using a CNN architecture consisting of
convolutional and max-pooling layers. The extracted features were subsequently classified using RF,
SVM, and XGBoost classifiers to improve modulation recognition performance. Moreover, we also
found that signal propagation follows a proper Rayleigh channel distribution in the indoor scenario.
The phase-related modulation classes, such as 16QAM, 64QAM, and QPSK, have been well classified
with the D-CNL-R model. Finally, the efficiency and complexity of the D-CNL-R model have been
demonstrated and verified using the RFSC dataset. Finally, we presented a recognition performance for
real-time signals and verified it with the proposed D-CNL-R model. The low complexity and highly
efficient feature learning capabilities of the D-CNL-R model make it attractive for realizing intelligent
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receivers in real-world scenarios such as IoT and Vehicle-to-Everything (V2X) applications for next-
generation cellular systems. Moreover, benchmarking against transformer-based and attention-driven
architectures is identified as a key direction for future work.
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