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Due to stochastic wireless environment, the process of modulation classi¯cation has become a

challenging task. Because of its powerful feature extraction ability and promising performance
over the conventional schemes, deep learning (DL) models are employed to automatic modu-

lation classi¯cation (AMC) problems. Most of the conventional models proposed are tested for

the limited set of modulation schemes transmitted over additive white Gaussian noise (AWGN)

channels without considering the e®ect of multipath fading and Doppler shift. The next
generation networks use adaptive and higher-order quadrature amplitude modulation (QAM)

schemes for higher spectral e±ciency. The classi¯cation accuracy of conventional DL-based

AMC schemes drastically reduces, when di®erent M-QAM modulation schemes are accom-
modated. In this work, di®erent scaling factors are selected for the generation of M-QAM

frames. The combination of scaling factors, which maximize the classi¯cation accuracy is

chosen. A convolutional neural network (CNN) with six stages is employed for AMC. The

simulation results show that the classi¯cation accuracy of proposed scheme is higher than the
conventional DL-based schemes under various signal-to-noise ratio (SNR) conditions.

The proposed scheme shows at least 4% improvement in classi¯cation accuracy over the other

DL-based schemes.

Keywords: Adaptive scaling; automatic modulation classi¯cation (AMC); classi¯cation accuracy;

convolutional neural networks (CNNs); deep learning (DL); higher-order quadrature amplitude

modulation (QAM).

1. Introduction

The conventional modulation classi¯cation requires external instruments, whose

performance highly depends on work experience and technical skills of the mobile

network operators (MNO).1 Fifth generation (5G) new radio (NR) supports

256-quadrature amplitude modulation (QAM).2 Wireless-¯delity 6 (Wi-Fi 6) sup-

ports 1024-QAM.3 The modulation schemes are becoming diverse and tangled.

Hence, the conventional modulation classi¯cation methods may not be suitable for

present civilian and military applications.

Automatic modulation classi¯cation (AMC) is the process of automatically

identifying and classifying various unknown received signals. It plays a vital role in

military and civilian applications. In military applications, a received signal could be

intercepted and demodulated easily and the enemy signal jamming can be done

e®ectively, if the modulation method is identi¯ed accurately.4 It is also used in

electronic warfare deployment and payloads for unmanned aerial vehicles (UAV).5

In civilian applications, speci¯c frequency bands are assigned to the users from the

electromagnetic (EM) spectrum. This mainly depends on user applications, spectrum

regulations, radio access technologies and transmitters used.6 For example, Wi-Fi

usually operates at 2.4GHz (unlicensed spectrum), whereas MNOs support cellular

users through licensed spectrum. AMC ¯nds powerful application in cognitive radios

(CRs) and software-de¯ned radios (SDRs). In CR, with the help of AMC, the system

automatically switches to optimal modulation scheme based on the sensed spectrum.

In 5G NR, it is important to monitor EM spectrum continuously to avoid unau-

thorized users occupying the allocated frequency bands.

Internet of things (IoT) can connect persons and things with anybody and any-

thing at any time, in any location.7 There will be seamless interconnection between
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persons and things or between persons or between things. It is a multidisciplinary

area, which addresses technical and social issues (Ex. Security). AMC plays an

important role in physical layer security of IoT.8 The physical layer threats like

jamming and spoo¯ng, greatly degrades the performance of IoT networks. AMC can

be employed to recognize the modulation methods of these active physical layer

attacks. Satellite-to-ground link uses di®erent modulation formats to satisfy various

demands.9 AMC for satellite, space and underwater communications has become an

important research.10 It is widely used in noncooperative communication, interfer-

ence management and spectrum management.11 AMC block should be placed prior

to demodulation block.12 This block acts as a bridge between signal detection and

demodulation. Hence, this block has become mandatory for all smart receivers.13–15

The process of AMC becomes a challenging task due to multipath fading e®ects,

timing and frequency o®sets.12

The research gaps identi¯ed in the conventional schemes are highlighted in

related works section. The major contributions of the proposed work are

. Most of the traditional proposals are impractical as they focused AMC for AWGN

channels. The multipath wireless channel greatly a®ects the classi¯cation

accuracy. The AMC for time-varying multipath channel is a challenging task. The

proposed work is especially developed for multipath time-varying channels.

. Most of the traditional approaches are tested with limited modulation formats. To

the best of our knowledge, the traditional schemes are tested for a maximum of 10

modulation formats. Our proposed scheme is proved to be e®ective in classifying

12 modulation formats.

. A very few traditional approaches tested their models for both analog and digital

modulation formats. Our proposed work is tested with 10 digital modulations and

2 analog modulations.

. The next generation networks support higher order QAM. Most of the traditional

approaches are not tested for higher-order QAM. Our proposed work considers 16-

QAM, 64-QAM, 256-QAM and 1024-QAM. These are the digital modulations

widely used in 5G NR and Wi-Fi 6.

. The classi¯cation accuracy of conventional approaches drastically reduces, when

accommodating various order of M-QAM signals. To the best of our knowledge,

most of the conventional works are tested only for two di®erent M-QAM schemes.

In our work, the novel idea of using di®erent scaling factors for the generation of

M-QAM frames is proposed. The blend of scaling factors, which maximize the

classi¯cation accuracy, is selected. This results in a minimum improvement of 4%

classi¯cation accuracy over the traditional schemes considered.

The remainder of this paper is organized as follows. A brief literature review is

presented in Sec. 2. The system model is elaborated in Sec. 3. The DL-based proposed

AMC scheme is discussed in Sec. 4. The simulation results are inferred in Sec. 5, and
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the conclusions are highlighted in Sec. 6. The potential research directions are

highlighted in Sec. 7.

2. Related Works

AMC methods can be broadly classi¯ed into two categories namely likelihood-based

classi¯cation (LBC) and feature extraction-based classi¯cation (FBC).1 LBC

schemes compute likelihood ratios of received unknown and known signals. This ratio

is compared with a threshold, and a decision is made. These schemes give optimal

solution at the cost of considerable computational complexity.5 LBC schemes out-

perform FBC schemes in terms of classi¯cation accuracy. But, they require accurate

channel state information (CSI).6

FBC schemes extract appropriate features from the received unknown signal and

identify modulation formats based on the features. FBC schemes can recognize more

modulation formats than LBC schemes.1 These schemes are typically used in

situations, where no perfect CSI or not all channel parameters are available.4 FBC

schemes are easier to implement and perform closer to LBC schemes, when the

features are appropriately chosen.16 Various types of received signal features

like amplitude,17 frequency,17 phase,17 wavelet transform,18 Fourier transform,19

constellation diagram,20 higher-order moments,21 higher-order cumulants,21 higher-

order cyclic cumulants22 and very higher-order statistics23 are recommended in the

literature. FBC schemes can recognize modulation formats even with insu±cient

prior knowledge. Hence, they are more suitable for present communication scenari-

os.1 Due to these merits, FBC schemes received huge attention from academia and

industry and became a dominant algorithm for AMC.

Due to rapid development in the area of arti¯cial intelligence (AI), researchers

started introducing machine learning (ML) algorithms for AMC.10 Aslam et al.

employed K-nearest neighbor (KNN) classi¯er for AMC.24 This scheme o®ers better

probability of correct classi¯cation (PCC) only for ideal conditions. Jordanov et al.

employed KNN-based imputation scheme to deal with the missing data in radar

signals classi¯cation problem.25 Support vector machine (SVM)-based classi¯ers are

employed for classifying di®erent modulation formats in few words.26–28 Wang et al.

proposed a multilayer hybrid ML network for classifying seven di®erent modulation

schemes like binary phase shift keying (BPSK), quadrature phase shift keying

(QPSK), 16-QAM, 2-frequency shift keying (FSK), 4-FSK, single frequency (SF) and

linear frequency modulation (LFM).29 The modulated signal features are extracted

using short-time Fourier transform and instantaneous autocorrelation methods.

Then, AMC is accomplished by the hybrid naïve Bayesian and SVM schemes. In

order to reduce the dimensionality, principal component analysis (PCA) is also

employed. Under AWGN channel conditions, this proposed scheme shows 94%

classi¯cation accuracy at 10 dB. When the multipath fading scenarios are employed,

there is a 6% degradation in classi¯cation accuracy.

V. B. Kumaravelu et al.
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The higher data rate and spectral e±ciency requirements of next generation

networks resulted in higher-order modulation schemes like 128-QAM, 256-QAM and

1024-QAM. Due to smaller Euclidean distance between constellation points, the

classi¯cation of higher-order modulation formats is more challenging than lower

order modulation formats.5 For larger datasets, there will be greater number of input

features for ML-based schemes. This increases computational complexity and time.

Hence, it is imperative to use deep learning (DL) models, which do not require

feature extraction and more e®ective than conventional ML.30 DL is a subclass of

ML, which takes large input data and transforms them into multiple layered dis-

tributed network, containing hidden nodes at each layer. The classi¯er layer provides

target classes. The rapid development of big-data and high end computing devices

made DL more popular among the research communities.

Huang et al. employed densely connected convolutional networks for AMC.31

Through spectral correlation function, the received signal is processed into an image.

The features of complex signal are extracted using a deep con¯dence network. Ali

and Yangyu proposed an AMC scheme based on auto-encoders.32 The non-negative

constraints are introduced in the training process to learn sparse representation of

data. This improves classi¯cation performance by exploring the hidden attributes of

data e®ectively. Zhang et al. used Choi–Williams distribution (CWD) to convert the

received signal into a two-dimensional (2D) image.33 Convolutional neural network

(CNN) is used for feature extraction and classi¯cation. Peng et al. proposed a CNN-

based AMC scheme.34 CNN learns features from the constellation of the received

digital signals. It is observed that PCC is poor for low signal-to-noise-ratio (SNR). A

fully connected two-layer feed forward deep neural network (DNN) is proposed by

Ali and Yangyu for classifying the digital modulated signals under various channel

conditions.5 Even though the above schemes use DL for AMC, they ignore essential

relationship among the features. Hou et al. proposed CNN and feature fusion-based

AMC scheme for Gaussian channels.1 The received signal is converted into various

images through time-frequency distribution. CNN and local binary pattern (LBP)

are used to extract features from images. Then, the features are fused, and joint

features are used for AMC.

Wang et al. proposed two types of CNNs, which are trained based on constellation

of the received signals, in-phase (I) and quadrature phase (Q) samples.35 These

models are proven e®ective in classifying 16 and 64 QAMs. Zhang et al. used smooth

pseudo Wigner-Ville and Born-Jordon distributions to convert the received signals

into time-frequency images.36 The deep residual network (ResNet152) is used for

AMC. Ramjee et al. investigated the suitability and potency of applying DL for

AMC.37 Five di®erent DNN architectures like CNN, densely connected convolutional

network (DenseNet), convolutional long short-term deep neural network (CLDNN),

ResNet and long short-term memory neural network (LSTM) are investigated to

attain higher classi¯cation accuracy. Finally, three architectures like CLDNN,

ResNet and LSTM are selected for AMC. For high SNR values, the classi¯cation

A Deep Learning-based Robust AMC Scheme for Next Generation Networks
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accuracy reaches around 90%. In order to reduce the training time, a study on

minimizing the size of dataset is carried out. The incorporation of PCA reduces the

training time at the cost of slight loss in classi¯cation accuracy. It also o®ers rea-

sonable performance under low SNR conditions. To reduce the training time further,

the subsampling techniques are also investigated. Through the proposed scheme, a

drastic reduction in training time with minimal loss in classi¯cation accuracy is

observed. It is observed that CLDNN and ResNet architectures perform well at low

SNR conditions. LSTM performs well at high SNR conditions. This scheme is tested

for 10 di®erent modulation schemes. It includes digital modulations like BPSK,

QPSK, 8-PSK, 16-QAM, 64-QAM, binary FSK (BFSK), continuous-phase FSK

(CPFSK) and 4-pulse amplitude modulation (PAM) and analog modulations

like double sideband-amplitude modulation (DSB-AM) and wideband-frequency

modulation (WB-FM).

A recurrent neural network (RNN) for blind AMC and a pre-processing to ac-

celerate the training are proposed.38 The above methods do not address the inter-

ference caused by Doppler shift. For example, the high mobility nature of satellites

introduce frequently changing frequency o®sets. The larger frequency o®sets may

damage satellite-to-ground link performance and PCC. A multilayer learning net-

work with frequency o®set cancelation is proposed for AMC in satellite-to-ground

link.9 QPSK, 8-phase shift keying (PSK) and QAM modulation formats are con-

sidered for the simulation study, and the model is tested for additive white Gaussian

noise (AWGN) channel.

Lyu et al. proposed a DL-based robust AMC (RAMC) scheme, which e®ectively

suppresses the Doppler shift and improves PCC.11 The proposed network consists of

CNN and a simple recurrent unit (SRU) to classify eight modulation formats under

AWGN channel. The scheme proposed is tested for di®erent Doppler shifts.11

A multi-module fusion neural network (MMFN), which uses pixel coloring constel-

lation images feature to classify the modulation formats, is proposed.8 A CNN-based

AMC scheme is proposed by Zhou et al. for classifying 15 di®erent modulation

schemes.39 The scheme proposed is able to classify received signals without feature

extraction. The proposed CNN architecture for AMC contains 16 convolutional

layers. The fully connected layer is replaced with a global average pooling layer,

which is applied after the endmost convolutional layer. The classi¯cation accuracy of

this scheme is proved to be better than SVM-based schemes. Wu et al. proposed a

deep neural architecture based on Inception-ResNet network for AMC by changing

di®erent kernel sizes.40 The modules proposed are repeated several times, which

increases the depth of neural network and learning abilities. This scheme is tested for

10 di®erent modulations formats.

O'Shea et al. proposed a CNN-based AMC, which classi¯es modulation formats

using naively learned features.41 The CNN architecture uses two convolutional lay-

ers. This scheme is tested for 11 modulation formats like BPSK, QPSK, 8-PSK, 16-

QAM, 64-QAM, CPFSK, Gaussian FSK (GFSK), 4-PAM, double sideband-supressed

V. B. Kumaravelu et al.

2350067-6

September 18, 2022 2:48:52pm WSPC/123-JCSC 2350067 ISSN: 0218-1266Page Proof

1

3

5

7

9

11

13

15

17

19

21

23

25

27

29

31

33

35

37

39

41



carrier (DSB-SC), single-sideband supressed carrier (SSB) and WB-FM. This scheme

achieves a classi¯cation accuracy of 75% at high SNR values. To improve the clas-

si¯cation accuracy, Liu et al. tuned the CNN architecture with four convolutional

layers and two dense layers.42 This improves the classi¯cation accuracy to 83.8% at

high SNR. This increases classi¯cation accuracy by 8.8% over the two convolutional

layer model. Then, CNN architecture is retuned based on DenseNet and ResNet,

which further improves the classi¯cation accuracy to 86.6% at high SNR. Finally,

CLDNN is introduced, which o®ers an accuracy of 88.5% at high SNR.

O'Shea et al. presented a CNN-based AMC (CNN-AMC), which considers mul-

tipath time-varying channel, carrier frequency o®set, Doppler shift, etc.43 Using

SDR, the data is captured over the air (OTA). This scheme considers 24 modulation

formats. There is a 7% loss in accuracy due to OTA datasets compared to direct

datasets. A severe degradation in classi¯cation accuracy is observed due to the

inclusion of various order QAMs like 16, 32, 64, 128 and 256.

Zhou et al. proposed a DL-based AMC for time-varying multipath channels.44

The constellation diagram (CD) of modulation schemes is taken as the key feature,

and a slotted CD scheme is proposed for feature extraction. The output of slotted CD

is processed by a number of CNNs and processed further by an RNN. The proposed

scheme o®ers better classi¯cation accuracy than the traditional DL-based AMC

schemes under both slow and fast fading channels. This scheme is tested for eight

di®erent modulation schemes like BPSK, QPSK, 8-PSK, 16-QAM, 32-QAM, 64-

QAM, 128-QAM and 256-QAM. This scheme assumes perfect synchronization be-

tween the transmitter and receiver. This scheme does not consider analog modula-

tions and higher-order QAMs like 1024-QAM.

The higher background noise and dynamic range of input are the major problems

for AMC. Han et al. proposed a DL-based feature fusion scheme for AMC, which

fuses the features of input signals from various domains.45 This leads to e®ective and

stable representation of input modulation formats. Using fast Fourier transform and

Welch spectrum analysis, the time-series signals are translated to frequency domain.

Then, CNN and stacked auto-encoders are used for stable feature representations.

The instantaneous amplitude or phase and higher-order cumulants are extracted for

fusion. A probabilistic neural network is developed for AMC, which works based on

the fused features. This scheme is tested for 10 modulation schemes like BPSK,

QPSK, 2-FSK, 4-FSK, 8-FSK, 32-QAM, 64-QAM, 2-amplitude shift keying (ASK), 4-

ASK and 8-ASK. But, this scheme is not tested for multipath fading channel condi-

tions. It also does not consider higher-order QAM and analog modulations. Addressing

the above-mentioned research gaps is the major contribution of this work.

3. System Model

Most of the modern wireless standards prefer digital modulations, whereas only a

very few broadcast transmissions use analog modulations.6 In the proposed DL-based

A Deep Learning-based Robust AMC Scheme for Next Generation Networks
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AMC scheme, we consider both analog and digital modulations. Di®erent modulation

formats used in this work are briefed in this section.

The conventional amplitude modulation (AM) signal consists of DSB-SC and a

large carrier component. DSB-AM is mathematically represented by46

xDSB�AMðtÞ ¼ Ac½1þmðtÞ� cosð2�fctÞ; ð1Þ
where mðtÞ is a message signal, Ac and fc are amplitude and center frequency of the

carrier signal. The demodulation process of DSB-AM is simple and does not require

coherent demodulator. Hence, DSB-AM is a practical choice for AM broadcasting.

Since two sidebands of DSB-SC are redundant, transmission of one sideband is

su±cient to reconstruct the message signal at the receiver. This type of AM is SSB,

which reduces the transmission bandwidth. It is mathematically given by46

xSSB�AMðtÞ ¼ AcmðtÞ cosð2�fctÞ � Acm̂ðtÞ sinð2�fctÞ; ð2Þ
where m̂ðtÞ is the Hilbert transform of mðtÞ. This modulation is widely used in voice

communications over wirelines and cables. FM is more resistant to noise than AM.

This is invented and commercially deployed after AM. The broadcast FM (B-FM) is

mathematically given by46

xB�FMðtÞ ¼ Ac cos 2�fctþ kf

Z t

�1
mð�Þd�

� �
; ð3Þ

where kf is frequency sensitivity, which is a positive constant. The mth transmitted

digital M-ary PAM signal is given by46

xmðtÞ ¼ AmgðtÞ cosð2�fctÞ; m ¼ 1; 2; . . . ;M ; 0 � t � T ; ð4Þ
where T is symbol duration.Am is set ofM possible signal amplitudes, which is given by

Am ¼ ð2m� 1�MÞd; m ¼ 1; 2; . . . ;M ; ð5Þ
where 2d is the distance between adjacent constellation points and gðtÞ is a real pulse,
the shape of which in°uences the transmitted signal's spectrum. M-PAM is one-

dimensional, which requires one basis function. In M-ary PSK, phase of the carrier

takes one of the possible M values for every T given as follows:47

�m ¼ 2�ðm� 1Þ
M

; m ¼ 1; 2; . . . ;M: ð6Þ

The amplitude and frequency of the carrier is kept constant. For each symbol period,

any one of theM possible signals is transmitted. Themth transmittedM-PSK signal

is given by47

xmðtÞ ¼
ffiffiffiffiffiffiffi
2E

T

r
cosð2�fctþ �mÞ; m ¼ 1; 2; . . . ;M; 0 � t � T ; ð7Þ

where E is the symbol energy. BPSK requires one basis function, whereas QPSK and

8-PSK requires two basis functions. In M-PSK, I and Q components are related in

V. B. Kumaravelu et al.
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such a way that the envelope of the modulated signal remains constant. This

constraint leads to circular constellation. When I and Q components are permitted to

be independent, amplitude as well as phase of the carrier gets modulated. This results

in a new modulation called M-QAM. The mth transmitted M-QAM signal is

given by47

xmðtÞ ¼
ffiffiffiffiffiffiffiffiffi
2Eo

T

r
ai cosð2�fctÞ þ

ffiffiffiffiffiffiffiffiffi
2Eo

T

r
bi sinð2�fctÞ; m ¼ 1; 2; . . . ;M ; 0 � t � T ;

ð8Þ
where E0 is the symbol energy with lowest amplitude, ai and bi are integers chosen

from the M-PAM constellation. M-QAM is a 2D modulation, which requires two

basis functions. BothM-QAM andM-PSK are widely used in third generation (3G),

fourth generation (4G) and 5G cellular standards.

In binary FSK (BFSK), bits 1 and 0 are di®erentiated by transmitting one of the

two sinusoidal carriers, which di®er in center frequency. The mth transmitted BFSK

signal is given by47

xmðtÞ ¼

ffiffiffiffiffiffiffiffiffi
2Eb

Tb

r
cosð2�fmtÞ; 0 � t � Tb;

0; else:

8><
>: ð9Þ

where m ¼ 1; 2: Eb is bit energy and Tb is bit duration. The center frequency of mth

transmitted signal is

fm ¼ nþm

Tb

; m ¼ 1; 2; ð10Þ

where n is a ¯xed integer. When Gaussian ¯ltering is used to shape the pulses before

modulation, BFSK becomes GFSK. This ¯ltering reduces out-of-band spectrum and

adjacent channel interference (ACI). GFSK is widely used in Bluetooth.

The CPFSK is mathematically represented by47

xðtÞ ¼
ffiffiffiffiffiffiffiffiffi
2Eb

Tb

s
cos½�ðtÞ� cosð2�fctÞ �

ffiffiffiffiffiffiffiffiffi
2Eb

Tb

s
sin½�ðtÞ� sinð2�fctÞ; 0 � t � Tb; ð11Þ

where �ðtÞ is the phase of xðtÞ at time t, which is a continuous function, that increases

or decreases linearly with time for every Tb. It is given by47

�ðtÞ ¼ �ð0Þ � �h

Tb

t; 0 � t � Tb; ð12Þ

where h is the deviation factor. The constellation of CPFSK is identical to QPSK.

When h ¼ 1
2, CPFSK is referred as minimum shift keying (MSK). Due to lower ACI,

Gaussian-¯ltered MSK (GMSK) is widely used in global system for mobile com-

munication (GSM) and general packet radio service (GPRS) cellular standards.

A Deep Learning-based Robust AMC Scheme for Next Generation Networks
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In order to model the channel, three important factors like multipath fading,

Doppler shift and AWGN are considered. The modulated signal is transmitted

through the channel. The received signal is given by48

rðtÞ ¼ hð� ; tÞ � xðtÞ þ wðtÞ; ð13Þ
where xðtÞ is the modulated signal transmitted, rðtÞ is the received signal and wðtÞ is
AWGN. hð� ; tÞ is the time variant impulse response and � is the convolutional

operator. Using convolutional integral, the above equation can be written as48

rðtÞ ¼
Z 1

�1
hð� ; tÞxðt� �Þd� þ wðtÞ: ð14Þ

The time variant impulse response is given by48

hð� ; tÞ ¼
XL
i¼1

�iðtÞ�ð� � � iÞ; ð15Þ

where L is the number of multipath components, �iðtÞ and � i are the attenuation and

delay associated with ith multipath component. The block diagram of the proposed

system is shown in Fig. 1. The waveforms corresponding to each of the modulations

are generated as per the speci¯cations listed in Sec. 5. These are transmitted over

multipath channel. The dataset is generated based on the received frames. These are

used to train and test the CNN model.

4. Proposed DL Model for AMC

4.1. CNN model

In recent years, DL has made extraordinary progress in various applications

like computer vision, natural language processing, big data processing, wireless

Fig. 1. Block diagram of proposed system.
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communication, etc.11 It can transform original data into higher abstract level

representation through simple nonlinear models. Due to strong learning ability, it

e®ectively extracts the features from the datasets. Through su±cient combinations

of transformation, it can learn more complex functions. Hence, the combination of

AMC and DL is expected to achieve good results.

A DL usually contains many layers with nonlinear processing units. Each layer

transforms inputs from previous layers. A traditional CNN includes convolutional

layer, pooling layer and fully connected layer. The proposed CNNmodel is illustrated

in Fig. 2. There are six stages. Each stage (except the last stage) contains four layers:

convolutional layer, batch normalization layer, recti¯ed linear unit (ReLu) activa-

tion layer and max pooling layer. In last stage, max pooling layer is replaced with an

average pooling layer. The feature maps of previous layers are the inputs for a

convolutional layer. It performs 2D convolution operation between the inputs and

kernels. This produces a stack of new feature maps, which is fed to the next layer.

The batch normalization is implemented between the layers of neural network. It is

applied on mini-batches instead of a full raw dataset. It is used to correct slow and

Fig. 2. The proposed CNN model.
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unstable training. It looks at each batch that comes in, normalizes with its own mean

and standard deviation. This normalizes the data before it goes through the network.

This improves the learning speed of CNN and avoids over¯tting. The output of

neuron with batch norm is computed as

zL ¼ z� �z

�z

� �
	 þ 
; ð16Þ

where �z and �z are the mean and standard deviation of the output of neurons. 	 and


 are the learning parameters of batch norm layer.

Linear operations like element-wise multiplication and summations are used by

the convolution layer for computation. ReLu is a piece-wise linear function, which

will output the input directly, when it is positive. If the input is negative, the cor-

responding output is mapped to 0. The output of ReLu activation layer is given by

y ¼ x; if x � 0;

0; else:

�
ð17Þ

Due to simpler training and better performance, ReLu has become default acti-

vation function for many neural networks. Pooling layers are used to downsample the

detected features in feature maps. Two popular poolings are the average pooling and

the maximum pooling. The mean of presence of a feature is extracted by average

pooling layer, whereas most activated feature is extracted by maximum pooling

layer. Every input is connected to the output through fully connected layer. This is

similar to hidden layer in arti¯cial neural networks (ANNs). This layer combines the

features obtained from the previous layers and forms attributes for better prediction.

The output of this layer is passed to softmax layer, which is the output layer of CNN

that predicts a multinomial probability distribution. It is used as activation function

for multiclass activation problems. It normalizes the outputs and converts weighted

sum values to probabilities. As in Fig. 2, the output of softmax layer is the classi¯-

cation results.

We initially started CNN architecture similar to the architecture proposed by

O'Shea et al.,41 where only two convolutional layers are used. This o®ers a classi¯-

cation accuracy of 75% for 11 modulations. Then, we increased the number of con-

volutional layers to four from two. This slightly increased the classi¯cation accuracy.

We keep adding convolutional layers into CNN, until the classi¯cation accuracy

starts to go down. We identi¯ed that six convolutional layers are suitable for our

application. We repeated the experiments for various depths and ¯lter settings. We

got a highest accuracy of 	 96% using the architecture depicted in Fig. 3. Hence, we

¯xed this architecture and tried to test this with higher order QAMs. The inclusion of

QAM variants like 256-QAM and 1024-QAM degrades the classi¯cation accuracy to

	 83%. Hence, we introduced the novel idea of using di®erent scaling factors, which

enhanced the classi¯cation accuracy. The baseband modulated signal is complex in

nature. It is treated as a 2D real valued input. Since the input is large with a size of

V. B. Kumaravelu et al.
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1
 1024
 2 units when compared to the required output with 13 classes, a se-

quential deliberate breakdown of the input is required for propitious feature ex-

traction. The ¯rst ¯ve stages are designed to have a convolution layer with a feature

maps ¯lter size of 1
 8 and a stride of 1
 1 and a depth of 16, 24, 32, 48 and 64,

respectively. The convolution layers are followed by a max pooling layer with a ¯lter

size of 1
 2 and a stride of 1
 2. The ¯nal sixth stage has a convolution layer with a

feature map ¯lter size of 1
 8
 96 followed by average pooling with a ¯lter size of

1
 18. Since the input is not an image, the average pooling is preferred over max

pooling for the last stage because smoothening of data is required to ensure minimal

data loss. As shown in Fig. 3, the size of the features in each of the six stages is

1
 508
 16, 1
 250
 24, 1
 121
 32, 1
 57
 48, 1
 25
 64 and 1
 1
 96,

respectively. A uniform breakdown of the input data can be observed leading to

optimal feature extraction and high ¯nal prediction accuracy.

4.2. The base works

The models proposed by O'Shea et al. and Liu et al. considered 11 modulations

schemes like 16-QAM, 64-QAM, 8-PSK, BPSK, QPSK, CPFSK, GFSK, 4-PAM,

B-FM, DSB-AM and SSB-AM.41–43 These models are DL based, and they are almost

similar. These models are considered as base benchmarking models, due to their

higher classi¯cation accuracy. They achieve a classi¯cation accuracy of 	 96% for

the SNR of 30 dB. The training progress and confusion matrix obtained for the

schemes proposed by O'Shea et al. and Liu et al.41–43 are plotted in Figs. 4 and 5,

respectively. From Fig. 4, it is clear that the network converges for 12 epochs with an

accuracy of 	 96%. From Fig. 5, it is observed that except QAM modulations, others

have more than 90% accuracy. This reduces overall classi¯cation accuracy. When

other QAM variants like 256-QAM and 1024-QAM are included, the accuracy

reduces to 	 83%. The training progress and confusion matrix obtained by base

works for 13 modulations are plotted in Figs. 6 and 7, respectively. The models

proposed in the base works are able to predict all modulations accurately, expect

QAM. 16-QAM is a subset of 64-QAM. This is clear from constellation diagrams of

Fig. 3. The proposed CNN architecture.
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16-QAM and 64-QAM displayed in Figs. 8 and 9, respectively. Similarly, 16-QAM

and 64-QAM are subset of 256-QAM. Due to this, the base models are ¯nding

di±cult in classifying these schemes. In this work, di®erent scaling factors for dif-

ferent QAM modulations are selected to minimize the overlap between them.

Fig. 5. Confusion matrix of base works for 11 modulations.

Fig. 4. Training progress of base works for 11 modulations.
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4.3. Adaptive scaling for QAM

We use additional scaling function from MATLAB, which takes Boolean values and

scales the frames according to di®erent scaling factors. Using trial and error, we set

Boolean values for four di®erent QAM schemes. The experiments are repeated, and

the classi¯cation accuracy values are recorded. The Boolean combination which gives

Fig. 6. Training progress of base works for 13 modulations.

Fig. 7. Confusion matrix of base works for 13 modulations.
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maximum accuracy is selected for modeling. The summary of the proposed scheme is

illustrated in Fig. 10. Since classi¯er performs well for all modulations except QAM,

we consider di®erent order QAMs alone for scaling. For example, true, false, false,

false (TFFF) Boolean values are set for 16-QAM, 64-QAM, 256-QAM and 1024-

QAM, respectively. The training progress and confusion matrix obtained for this case

are plotted in Figs. 11 and 12, respectively. This Boolean combination achieves the

classi¯cation accuracy of 	 77%.

Fig. 8. Constellation of 16-QAM.

Fig. 9. Constellation of 64-QAM.
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True, true, true, true (TTTT) Boolean combination achieves 	 58% classi¯cation

accuracy. The corresponding training progress and confusion matrix are shown in

Figs. 13 and 14, respectively. False, true, false, true (FTFT) Boolean combination

achieves 	 78% classi¯cation accuracy. The corresponding training progress and

confusion matrix are shown in Figs. 15 and 16, respectively. True, false, false, true

(TFFT) Boolean combination achieves 	 82% classi¯cation accuracy. The corre-

sponding training progress and confusion matrix are shown in Figs. 17 and 18,

respectively. True, false, true, false (TFTF) Boolean combination achieves highest

Fig. 10. Summary of the proposed DL-based AMC.

Fig. 11. Training progress for the Boolean combination TFFF.
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classi¯cation accuracy of 	 88%. The corresponding training progress and confusion

matrix obtained are plotted in Figs. 19 and 20, respectively. Since TFTF Boolean

combination achieves highest classi¯cation accuracy compared to other combina-

tions for various simulations, it is chosen for the dataset generation.

Fig. 12. Confusion matrix for the Boolean combination TFFF.

Fig. 13. Training progress for the Boolean combination TTTT.
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5. Experimental Results and Analysis

The proposed algorithm is implemented and tested in MATLAB R2018a simulation

environment. The parameters considered for waveform generation are listed in

Table 1. We consider eight di®erent SNRs ranging from �5 dB to 30 dB with an

Fig. 14. Confusion matrix for the Boolean combination TTTT.

Fig. 15. Training progress for the Boolean combination FTFT.
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interval of 5 dB. Each frame generated is passed through the channel with impair-

ments, as speci¯ed in Table 2. The amplitude of received frames corresponding to

each modulation against sample number is shown in Fig. 21 for a SNR of 30 dB. The

dataset is generated based on the received frames. 80% and 10% of the dataset are

used for training and validating the network. When the dataset used for validation is

Fig. 16. Confusion matrix for the Boolean combination FTFT.

Fig. 17. Training progress for the Boolean combination TFFT.
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too small, it may not adequately represent the data. When the dataset for validation

is too large, it leads to slower training. Hence, we have decided to use 10% of dataset

for validation. The network trained is tested with 10% of dataset.

The simulation is repeated for various SNR values. The sample confusion matrices

obtained for an SNR of �5 dB, 20 dB and 30 dB are displayed in Figs. 22–24,

Fig. 18. Confusion matrix for the Boolean combination TFFT.

Fig. 19. Training progress for the Boolean combination TFTF.
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Fig. 20. Confusion matrix for the Boolean combination TFTF.

Table 1. Simulation settings for waveform generation.41
–43

Parameter Value

Number of frames for each modulation format 10,000

Number of samples per frame (SPF) 1,024
Sampling rate 200 kHz

Number of samples per symbol (SPS) 8

Roll-o® factor of square root raised cosine ¯lter 0.35
Percentage of frames for training 80%

Percentage of frames for validation 10%

Percentage of frames for testing 10%

Center frequency 100MHz for analog modulations and 902MHz
for digital modulations

Analog modulations DSB-AM, SSB-AM, B-FM

Digital modulations BPSK, QPSK, 8-PSK, 4-PAM, 16-QAM, 64-QAM,

256-QAM, 1024-QAM, GFSK, CPFSK
Boolean inputs for scaling TFTF

Table 2. Simulation settings for channel impairments.41
–43

Parameter Value

SNR �5 dB to 30 dB

Path delays ½0; 1:8; 3:4��s
Average path gains ½0;�2;�4� dB
K factor 4

Maximum Doppler shift 4Hz

Maximum clock o®set 5 ppm
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Fig. 21. Sample received frames corresponding to each modulation for a SNR of 30 dB.

Fig. 22. Sample confusion matrix obtained by the proposed scheme for an SNR of �5 dB.
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respectively. It is observed that the probability of misclassi¯cation is more for low

SNR. The classi¯cation accuracy increases with the SNR. In Fig. 25, the classi¯ca-

tion accuracy of the proposed scheme is compared with the conventional schemes

proposed by Zhou et al.,39 Wu et al.,40 Zhou et al.,44 Han et al.45 and base

schemes,41–43 considering 13 modulation schemes, as mentioned in Table 1. When the

Fig. 23. Sample confusion matrix obtained by the proposed scheme for an SNR of 20 dB.

Fig. 24. Sample confusion matrix obtained by the proposed scheme for an SNR of 30 dB.
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signal power is increased, the minimum Euclidean distance between the constellation

points is maximized. This improves the classi¯cation accuracy irrespective of AMC

schemes. After a certain SNR, there is no huge deviation in the results, irrespective of

AMC schemes.

The inclusion of higher and various order QAMs degrades the classi¯cation ac-

curacy of all schemes. Since DNN-Inception-ResNet40 processes the features with the

hybrid Inception-ResNet, it o®ers better accuracy than base CNN-AMC41–43 and

RMC-CNN39 schemes. The slotted-CD-CNN44 extracts CD features of modulation

schemes. These features are processed by both CNN and RNN. Hence, it o®ers better

classi¯cation accuracy than the traditional CNN-AMC,41–43 RMC-CNN39 and DNN-

Inception-ResNet40 schemes. The DFF-CNN45 uses CNN and stacked autoencoders

to extract the features. Additionally, the probabilistic neural network is developed

for AMC. There is a degradation in the performance of slotted-CD-CNN44 and DFF-

CNN45 schemes, due to clock frequency o®sets, Doppler shift and higher-order

QAMs. Due to the inclusion of di®erent scaling factors, the proposed scheme out-

performs all the traditional schemes considered. This is true for di®erent SNR con-

ditions. For 30-dB SNR, the proposed scheme shows an improvement of 8.69%,

6.93%, 10.64%, 5.6% and 4.13% over RMC-CNN,39 DNN-Inception-ResNet, 40 CNN-

AMC,41–43 slotted-CD-CNN44 and DFF-CNN45 schemes, respectively.

6. Conclusions

In this work, a six-stage CNN is used as a powerful classi¯er for AMC. Totally, 13

di®erent analog and digital modulation schemes are considered for classi¯cation. The

Fig. 25. Classi¯cation accuracy versus SNR (dB) comparison of various DL-based AMC schemes.
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proposed CNN o®ers satisfying classi¯cation accuracy when tested with 11 mod-

ulations, which includes 16-QAM and 64-QAM. There is a signi¯cant reduction in

classi¯cation accuracy, when 256-QAM and 1024-QAM are included. Most of the

conventional approaches perform poor when di®erent and higher-order QAMs are

employed. To overcome this issue, di®erent scaling factors are identi¯ed for each

QAM based on trial and error method. The modulated frames are generated based on

the identi¯ed scaling factors. These frames are transmitted over multipath fading

channels and dataset is generated for training and testing the CNN model. The

inclusion of adaptive scaling di®erentiates various QAMmodulations e®ectively. The

robustness of proposed scheme is validated under various SNRs over the traditional

approaches. Hence, the proposed DL-based AMC is a potential candidate for next

generation networks.

7. Scope for Future Work

As an extension, the classi¯cation accuracy can be further improved by increasing

the number of CNN layers. The proposed scheme can also be tested for di®erent

orders of digital modulations like ASK and FSK. The proposed work can be extended

for multicarrier and multiple antenna systems. The requirement of longer training

period is one of the major problems in using DNNs. This is a serious hurdle when

applying those DNNs in real-time. Hence, training period should be reduced using

the techniques like subsampling, PCA, etc. The proposed scheme can be tested with

more modulation formats using OTA datasets.
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