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Abstract: Modulation recognition is an important technology in wireless communication systems. In
recent years, deep learning-based modulation recognition algorithms, which can autonomously learn
deep features and achieve superior recognition performance compared with traditional algorithms,
have emerged. Yet, there are still certain limitations. In this paper, aiming at addressing the issue of
poor recognition performance at low signal-to-noise ratios (SNRs) and the inability of deep features
to effectively distinguish among all modulation types, we propose an optimization scheme for
modulation recognition based on fine-tuning and feature re-extraction. In the proposed scheme, the
network is firstly trained with the signals at high SNRs; then, the trained network is fine-tuned to
the untrained network at low SNRs. Finally, on the basis of the features learned by the network,
deeper features with enhanced discriminability for confused modulation types are obtained using
feature re-extraction. The simulation results demonstrate that the proposed optimization scheme can
maximize the performance of the neural network in the recognition of signals that are easily confused
and at low SNRs. Notably, the average recognition accuracy of the proposed scheme was 91.28%
within an SNR range of —8 dB to 18 dB, which is an improvement of 8% to 17% in comparison with
four existing schemes.

Keywords: modulation recognition; SNR region classification; transfer learning; feature re-extraction

1. Introduction

The incessant advancement in communication technology has profoundly impacted
various aspects of social life, and the demand for wireless communication continues to
escalate. Typically, signals undergo appropriate modulation during transmission, and as
the transmission environment grows increasingly complex, multiple modulation types
are included within the communication frequency band [1]. Consequently, it is important
to investigate modulation recognition techniques for communication signals in depth.
In non-cooperative communication systems [2,3], modulation recognition primarily serves
to process the received signals; analyze the modulation type; and subsequently perform
signal demodulation, decoding and other operations to obtain valuable information. In co-
operative communication systems, modulation recognition techniques are also applied
in numerous fields, including spectrum sensing [4,5], spectrum resource management [6],
cognitive radio [7] and others. In summary, to guarantee communication security, relevant
departments must reinforce the supervision of communication signals. This requires the ef-
fective identification of interference information embedded within signals, and modulation
recognition can play a crucial role in achieving the efficient allocation of spectrum resources.

Most current modulation recognition techniques are based on likelihood ratio theory
or feature extraction algorithms, which involve intricate steps and exacting conditions.
A primary drawback of these approaches is that feature extraction and selection may result
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in the loss of some signal information. Consequently, neural network-based modulation
recognition algorithms have garnered attention, as they can achieve end-to-end recognition
without manual feature extraction. This class of algorithms can retain the signal information
to the maximum extent and achieve better results. Neural network-based modulation
recognition techniques for communication signals are more suitable for the emerging
modulation types. However, the deep features extracted by neural networks cannot
effectively recognize all modulation types, resulting in confusion among certain modulation
types. The existing methods attempt to resolve this issue by increasing the number of
network layers, such as implementing deep neural networks such as residual network 50
(ResNet50), to improve the modulation recognition rates. Nonetheless, when the dataset is
large and the network has numerous parameters to learn, it takes a long time to train the
network, thereby diminishing model efficiency. Furthermore, when the neural network is
initialized with random weights and trained several times on the same dataset, the network
recognition performance in each training process considerably varies. The modulation
recognition rates of the same network trained with signals at high SNRs and low SNRs also
exhibit significant disparities.

In this paper, we focus on the problem that existing neural network-based modulation
recognition algorithms achieve poor recognition of signals with noise interference or easily
confused. To enhance the recognition performance, a method based on fine-tuning and
feature re-extraction is proposed to effectively recognize 11 modulation types in the dataset
RadioML2016.10a (RML2016.10a), i.e., 16-ary quadrature amplitude modulation (16QAM),
64-ary quadrature amplitude modulation (64QAM), binary phase-shift keying (BPSK),
quaternary phase-shift keying (QPSK), eight-level phase-shift keying (8PSK), continuous-
phase frequency-shift keying (CPFSK), Gaussian frequency-shift keying (GFSK), four-level
pulse-amplitude modulation (PAM4), amplitude modulation single sideband (AM-SSB),
amplitude modulation double sideband (AM-DSB) and wideband frequency modulation
(WBEM). Firstly, the dataset is divided into several subregions according to the SNR values.
Secondly, the modulated signals at high SNRs (source data) are used to train the source
network. Thirdly, the weights of the trained source network are transferred to the untrained
target network as the initial weights. Fourthly, the untrained target network is trained with
the signals at low SNRs (target data). Finally, feature re-extraction is performed if the target
network has been trained. The main contributions of this paper are outlined as follows:

(1) A novel modulation recognition algorithm based on fine-tuning and feature re-extraction
is proposed, and the proposed algorithm can improve the performance of the neural
network in the recognition of the signals that are easily confused at low SNRs.

(2) With the fine-tuning method, we can transfer the weights of the networks trained with
the modulated signals at different SNRs. This can improve the recognition accuracy
for signals at low SNRs, as well as the stability of the network.

(3) Since neural networks cannot achieve good recognition of all modulation types, we
propose the feature re-extraction method. With the method, deeper features are
extracted from the outputs of the trained network’s penultimate layer, thus achieving
the effective recognition of easily confused modulation types.

(4) Finally, the combination of fine-tuning and feature re-extraction can improve recogni-
tion performance to the maximum extent.

The simulation results confirm that the proposed algorithm achieved better recognition
performance than state-of-the-art modulation recognition algorithms. We further explored
the rationality of our proposed algorithm with controlled groups of experiments and
analyzed the aspects of the confusion matrix and model complexity.

The rest of this paper is organized as follows: We review related literature in Section 2
and present the system model in Section 3. Then, we propose a modulation recognition
algorithm combining fine-tuning and feature re-extraction and discuss the algorithm design
process in Section 4. Simulation results and performance evaluation are provided in
Section 5. Finally, the conclusion is drawn in Section 6.
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2. Literature Review of Related Works

In communication systems, a baseband signal needs to be modulated for transmission
in the channel. With the development of communication technology, there are various
modulation types with different characteristics. Modulation recognition is a two-step
process: pre-processing the communication signals and using the appropriate classifier to
recognize the modulation types [8]. The modulation recognition algorithms for communica-
tion signals can be divided into three categories at present [9], which are likelihood-based,
feature-based and deep learning-based algorithms.

The modulation recognition algorithm based on the likelihood function, which suc-
cessfully distinguishes between BPSK and QPSK signals, was firstly proposed in [10]. More
specifically, the authors calculated the probability density functions of signal parameters,
such as the symbol transmission rate, the SNR and the carrier frequency; obtained the
corresponding log-likelihood ratio; and then estimated the modulation order of the signals.
However, the derivation process of the likelihood function is computationally complex and
requires a priori knowledge about the distribution of statistics [11]. Moreover, the specific
decision criteria for the likelihood ratio are also different for different practical problems,
so likelihood-based modulation recognition algorithms are less generalizable. In addition,
it is difficult to obtain accurate values of signal parameters at low SNRs, which affects the
recognition of the modulation types.

The modulation recognition algorithm based on signal feature extraction [12,13] con-
sists of the following three steps: Firstly, we should pre-process the modulated signals,
mainly including signal down-sampling, digital filtering, etc. Secondly, we can extract the
features from different angles to realize effective signal description. Finally, based on the
differences among the corresponding signal eigenvalues, we can recognize the modulated
signals by setting appropriate thresholds. Zhang et al. [14] constructed six characteristic pa-
rameters based on instantaneous information and signal spectrum. The proposed method
correctly classified the modulated signals of two-level amplitude-shift keying (2ASK),
four-level amplitude-shift keying (4ASK), two-level frequency-shift keying (2FSK), BPSK,
minimum shift keying (MSK), frequency modulation (FM), lower sideband (LSB) and
upper sideband (USB) with more than 95% recognition rate at SNR = 6 dB. On the basis of
high-order cumulants, combined with peak features of the FFT spectrum and instantaneous
signal features, Yang et al. [15] proposed a new method for digital modulation recognition
based on mixed signal features. The new method successfully and efficiently recognized
six classical digital modulation types and achieved satisfactory recognition results even at
rather low SNRs. By considering the different cumulant combinations of 2FSK, 4FSK, BPSK,
QPSK, 2ASK and 4ASK signals, Xie et al. [16] established new signal parameters to achieve
better recognition of these digital modulation types. The overall recognition accuracy was
99% at SNR = —5 dB and 100% at SNR = —2 dB. Wang et al. [17] used the fourth-order
cumulants of four signals (8PSK, 16QAM, PAM4 and BPSK) as the recognition parameters.
Under additive white Gaussian noise (AWGN) channels, the recognition accuracy reached
more than 90% when the number of symbols was above 250 and SNR > 10 dB. Hassanpour
et al. [18] proposed a wavelet-based algorithm for the recognition of binary digital modula-
tion types, including 2ASK, 2FSK and BPSK, in the presence of AWGN. The average rates
of 99.97%, 99.71% and 97.34% were obtained for the recognition of the three modulations at
—5dB, —7 dB and —10 dB. Yang et al. [19] converted the time-domain diagrams of different
complex modulated signals into spectrogram images using the wavelet transform. Then,
the authors adopted AlexNet to classify the eight modulated signals of 2ASK, 4ASK, 2PSK,
4PSK, 2FSK, 4FSK, 16QAM and 64QAM. The recognition accuracy of the eight modulation
types was almost 100% at higher SNRs. In [20], a new blind modulation classification (BMC)
method was proposed for classifying the three modulated signals of QPSK, offset-QPSK
(OQPSK) and 7t/4-QPSK, based on the second-order and fourth-order cyclic cumulants.
The proposed feature-based BMC algorithm added robustness against various impair-
ments and worked well even in the frequency-selective fading channels. Wei et al. [21]
proposed a novel method for the automatic modulation classification (AMC) of digital
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communication signals using a support vector machine (SVM) based on hybrid features,
cyclostationarity and information entropy. Moreover, the authors proposed three new
features, which did not require any prior information and had a strong anti-noise ability.
Shi [22] extracted Box fractal dimension, Katz fractal dimension, Higuchi fractal dimension,
Petrosian fractal dimension and Sevcik fractal dimension from eight modulated signals.
In addition, back-propagation (BP) neural network, gray relation analysis (GRA), random
forest (RF) and K-nearest neighbor (KNN) were used to recognize the different modulated
signals based on the fractal features. The results indicated that RF had better recognition
performance with 96% accuracy at SNR = 10 dB. Wang et al. [23] proposed a low-complexity
graphic constellation projection (GCP) algorithm for AMC, and adopted the deep belief
network (DBN) to learn the underlying features in these constellations. The recognition
accuracy was beyond 95% at SNR = 0 dB. Yan et al. [24] presented an innovative AMC
method using graph-based constellation analysis for M-ary QAM signals. The proposed
method with lower computational complexity could provide superior performance com-
pared with existing subtractive clustering techniques and was robust to the residual phase
and timing offsets. In summary, modulation recognition performance can be improved by
extracting features with significant differences among the modulation types from multiple
perspectives. Moreover, it is necessary to select an appropriate classifier in order to obtain
better recognition performance. The feature-based modulation recognition algorithm is
less computationally intensive and simpler to implement than the likelihood-based one,
but the recognition performance depends on the number of features and the differences
among features. Moreover, it is difficult to accurately extract features in non-ideal channels.

In recent years, with the rapid development of deep learning, researchers have started
applying it to signal processing [25-30]. The main innovation point of deep learning-based
methods is that the novel network architectures with tens or even hundreds of layers
and network training methods are allowed to be used for recognition. On the one hand,
the deep learning-based modulation recognition algorithm can extract artificial features
from the original signals and then utilize the extracted features as the inputs of neural
networks. Lee et al. [31] proposed an enhanced blind modulation classification (BMC)
method based on deep neural network (DNN) for fading channels. Then, the authors
adopted DNN to recognize 16QAM, 64QAM, BPSK, QPSK and 8PSK based on 28 signal
features. The experimental results showed that the recognition rate was enhanced with the
increase in the number of signal features. Kim et al. [32] adopted deep connected neural
network (DCNN) with artificial features as the network inputs to successfully recognize
PSK and QAM signals with different orders. The authors discussed the interference of
Gaussian white noise and Doppler frequency shift with the network recognition perfor-
mance and confirmed that DCNN had stronger generalization ability and signal recognition
ability. Mendis et al. [33] proposed an automatic modulation classification (AMC) method
based on a spectral correlation function (SCF) pattern. The authors used DBN to ab-
stract the complex signal features that were represented by the associated SCF patterns
and then distinguished among five kinds of digitally modulated signals using the features.
The proposed method had low sensitivity to Gaussian white noise channels. In addi-
tion, the recognition accuracy was greatly reduced in the AWGN environment. To solve
the problem, a multi-carrier recognition system based on CNN and principal component
analysis (PCA) was proposed in [34]. The PCA-based processing method could suppress
AWGN and reduce the dimension of the network inputs. The system correctly identified
three kinds of multi-carrier waveforms in a dense transmission environment and achieved
good recognition results even at low SNRs. Gou et al. [35] proposed a semi-supervised
learning method based on data-driven models that combined contrastive predictive coding
with an unsupervised pre-training algorithm, as well as a supervised learning algorithm.
The authors constructed a joint DNN composed by long short-term memory (LSTM) and
ResNet50 and then extracted the instantaneous features using the Hilbert transform as the
network inputs to recognize 11 modulation types. The semi-supervised joint neural net-
work structure improved the recognition accuracy by 3~20% compared with the previous
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methods and reached an average recognition accuracy of 94% at SNR levels ranging from
0 dB to 18 dB.

On the other hand, deep learning-based recognition algorithms can directly utilize
the original signals as the network inputs and realize end-to-end recognition. This class
of algorithms have strong generalization ability and robustness for various modulation
recognition tasks. O’Shea et al. [36] developed a new end-to-end modulation recogni-
tion algorithm based on deep residual network (DRN). The proposed algorithm was
feasible in realistic communication environments and achieved higher recognition ac-
curacy at low SNRs than the other methods mentioned in the paper. Zhang et al. [37]
used DBN and temporal in-phase and quadrature (IQ) data representation to identify
11 modulation types. The method obtained high recognition accuracy at high SNRs.
Vanhoy et al. [38] proposed a branch convolutional neural network (B-CNN) to recognize
more than 20 modulated signals. Xu et al. [39] proposed an effective multi-stream net-
work structure, namely, multi-channel convolutional long short-term deep neural network
(MCLDNN). The network structure utilized the information of I-channel data, Q-channel
data and I/ Q-multi-channel data of the original signals and integrated one-dimensional
(1D) convolutional, two-dimensional (2D) convolutional and LSTM layers to extract spatio-
temporal features. MCLDNN performed significantly better than other network structures
above —4 dB SNR and reached an average recognition accuracy of 92% at SNR levels
ranging from 0 dB to 18 dB, an improvement of 2~10% over the others.

In practical scenarios, it is difficult to construct large-scale well-annotated datasets for
all domains of interest, and the recognition model performs weakly in the domain with
insufficient data. To address this problem, Bu et al. [40] proposed an adversarial transfer
learning architecture (ATLA), incorporating adversarial training and knowledge transfer
in a unified way. The proposed ATLA substantially boosted the performance of the target
model. More specifically, the target model achieved the recognition accuracy of 82% with
half of the training data reduced, and the accuracy was increased by 17.3% with respect to
that of supervised learning with one-tenth of training data. In addition, there are generally
few labeled samples and large unlabeled samples in realistic communication scenarios. It is
almost impossible to implement previously proposed deep learning-based AMC algorithms
in this case. Wang et al. [41] proposed a TL-based semi-supervised AMC (TL-AMC) method
in a zero-forcing-aided multiple-input and multiple-output (ZF-MIMO) system. TL-AMC
performed better than CNN-based AMC with the limited samples, and TL-AMC also
achieved recognition accuracy at high SNRs similar to that of CNN-based AMC trained on
massive labeled samples. Most of existing AMC methods have been designed under the
assumption that the classifier has prior knowledge of the signal and channel parameters.
Perenda et al. [42] proposed two possible directions to make AMC more robust to signal
shape transformations introduced by unknown signal and channel parameters. Spatial
transformer networks (STNs) and TL were embedded into a light ResNeXt (ResNet next
dimension)-based classifier. This proposed method improved the average recognition
accuracy up to 10~30% in specific unseen scenarios, with only 5% of labeled data for a
large dataset of 20 complex higher-order modulation types. Finally, Table 1 presents the
summary of the above-mentioned deep learning-based modulation recognition algorithms
and compares deep learning-based algorithms and the proposed algorithm in terms of
advantages, limitations and recognition accuracy.

With the rapid development of communication technology, the demand for automatic
modulation recognition (AMR) in signal processing scenarios has become increasingly
urgent. According to the review of the related literature on modulation recognition algo-
rithms, deep learning-based algorithms can automatically extract deep features to achieve
AMR, but there are still some problems. Therefore, an improved modulation recognition
algorithm based on fine-tuning and feature re-extraction is proposed in this paper.
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Table 1. Comparison of deep learning-based algorithms and the proposed algorithm.

Reference Method Modulation Set Advantages Limitations Recognition Accuracy
Acc = 86.43%
28 statistical BPSK, QPSK, Good performance " when the Doppler
[31] features 16QAM, 64QAM and  and robust to fggzlﬁgiglgzag& frequency and
+ DNN 8PSK fading channels SNR are set to
100 Hz and 5 dB
. Good discrimination Unreliable performance
[32] %1 itartlstlcal ?ngﬁi\/?I;ZIé 'AM and of modulation types comparison with previous Acc =100%
S eatures ’ for high-Doppler methods (inconsistent when SNR > 0 dB
+DNN 8PSK fading channels network inputs)
4FSK, 16QAM s
SCF patterns 4 i’ Poor recognition of Acc>90%
[33] +DBN gI;%(MQPSK and Robust at low SNRs BPSK and QPSK when SNR > —2 dB
Good discrimination
of multicarrier Acc = 97.49%
Instantaneous OFDM-QAM, waveforms Raw amplitude at SNRs °
[34] amplitude FBMC-OQAM and in dense transmission features are not raneine from
+CNN UFMC enVIror;rr;fent; %ow effective at low SNRs _5 %B % 520 dB
computationa
complexity
Instantaneous Good recognition of High model'f[:.omplfexity;
(33] parameters RML2016.10 modulation types under ~ POOF recogmnition o Acc =92%
+ LSTM- A small-sample- 8PSI;§/?d %PS[J[K’ AM and at0dB
ResNet scale conditions 16QAM and 64QAM, an
WBFM and AM-DSB
Poor recognition of
high-order modulation types
Good performance (16-/32-PSK and —]0°
[36] Qdata RML2018.01a on the difficult 64-/128-/256-QAM) Ace = 80%
signal database and AM modes;
requires high SNRs;
requires many samples
. Poor recognition of _ o
[57] Qdata RML2016.10a Simple model 16QAM and 64QAM; Acc = 22.12%
requires high SNRs
Poor recognition of
IQ data + MIC’;:I%/E( ,1\1/\[/[511:11\:/[8 K, Different network high-order modulations; Acc >75%
[38] CLDNN with AM Wi%FM 4 structures for recognition rate is when SNR > 0 dB;
hierarchical IFM’ OFDM/ different families enhanced with the maxi.mum
structure M AéK and I(/IPSK of modulations increase in rate is 80%
sample size
o Acc =92%
- Poor recognition of
1Q data Efficient at SNRs
39 + MCLDNN RML2016.10a convergence speed 16QAM and 64QAM, and ranging from
WBFM and AM-DSB 0 dB to 18 dB
Good recognition Acc = 82% with half
performance with Poor recognition of of the training data;
IQ data insufficient data & Acc increased
(401 +ATLA RML2016.10a and ur;de.r various ‘1/3%5?\1/}4 a?lrad A%/[Q_Sé\% and by 17.3% with
imperfections one-tenth of
(frequency offset, etc.) training data
Poor recognition of
IQ data BPSK, QPSK, Good performance S Acc = 100%
(411 +TLAAMC 8PSK'and 160AM  at high SNRs 16QAM and 8PSK at 10 dB
Robust to signal .
. Acc increased
(2] 1Q data RML2016.10a shape ransformations v jnerable to out- by 10~30%
+ ResNeXt +RML2018.01a unk(r)'tolxrel sig}r,'tal and of-distribution data with only 5%
channel parameters of labeled data
Acc =96.65%
4 Fine-tuned Better recognition v hish Zt 0dB; ’
Propose MCLDNN of modulation types Comparatively hig cc=91.28%
algorithm  + Feature RML2016.10a that are at low SNRs network complexity at SNRs

re-extraction

and easily confused

ranging from
—8dB to 18 dB
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3. System Model
3.1. Signal Model

This paper considers a single-input single-output communication system, and the
received signal, r(t), can be represented by

r(t) = s(t) «h(t) +n(t), @

where s(t) is the modulated signal from the transmitter, h(t) is the channel impulse re-
sponse, 1(t) denotes AWGN and * represents the convolution operation. The received
signal, r(t), is sampled n times at a sampling rate f; = 1/Ts (sampling period) by the
analog-to-digital converter, which generates the discrete-time observed signal, r(n).

3.2. Network Model

Communication signals contain both spatial characteristics and temporal correlations,
so MCLDNN [39], which integrates CNNs, LSTMs and fully connected (FC) deep neural
networks in a unified structure, can utilize their synergy for spatiotemporal feature ex-
traction. Moreover, the imbalance between signal amplitude and phase deteriorates the
orthogonality between the I channel and the Q channel and leads to an inherent difference
between the two channels. So, the features extracted from the I-channel, the Q-channel and
the I/Q-multi-channel data are complementary.

MCLDNN comprises four distinct functional parts: multi-channel inputs, spatial
characteristic mapping, temporal characteristic extraction and fully connected classification
(local feature integration). The framework is shown in Figure 1. Specifically, the corre-
sponding convolution operations are firstly performed on the modulated signals of each
input channel. Then, the multiple feature maps obtained after convolution are spliced and
fused using the concatenate layer. Finally, the fused features are transmitted to the LSTM
layer to further extract the temporal correlation features and classify the signals.

Multi-channel inputs

I channel Q channel  1/Q channel

’ Convl ‘ ’ Conv2 ‘ ’ Conv3 ‘ é
»(P< E:
Concatenateljf ;
N 5
Concatenaterf E

o

Temporal characteristics extraction

Densel

Local features Integration

Dense2

Figure 1. MCLDNN network structure diagram.

Signal modulation is essentially a process of converting the amplitude, phase and
frequency of signals according to specific laws. The backbone neural network adopted in
this paper adds instantaneous frequency and instantaneous phase as the network inputs
on the basis of MCLDNN, making it theoretically applicable to various modulation types.
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3.3. Recognition Methods

The improved scheme proposed in this paper focuses on the deep learning-based
modulation recognition of signals transmitted in single-user noisy channels in the non-
cooperative communication scenario. In this scenario, the neural networks with randomly
initialized weights have large differences in the recognition of signals at high SNRs and low
SNRs. Thus, we firstly use the second-order and fourth-order moment (MjM,) algorithm
to divide the received signals into three categories according to the SNR values. Then,
we transfer the network weights based on the fine-tuning method, thereby improving
the network recognition performance of noisy signals. Furthermore, the transmitter can
control the data rate and signal bandwidth using signal modulation; then, the receiver
may not identify some modulated signals with similar attributes. To solve the problem,
the feature re-extraction method is proposed to obtain the more discriminative features of
easily confused signals and achieve effective recognition.

3.3.1. SNR Estimation Based on the MM,y Algorithm

SNR values are important indicators to measure channel quality. However, in realistic
communication scenarios, the receiver does not have any known information about the re-
ceived signals, so it is necessary to estimate the SNR values of the signals. D. R. Pauluzzi [43]
sketched the derivation of the M, M estimator for complex channels and then showed how
the estimator could be modified for application to real channels using the same approach.
Let M, and M, denote the second-order and fourth-order moments of the sampled data y:

My, = E{yny;} = E{ana;, + wyw;, + ayw; + a,wy}, (2a)
My = E{(yay)?} = E{ (0072 + (wn})? + (a0 2
+ (a,’;wn)2 + 4(apaywywy) + 2(agayanwy) + 2(apayaywy) (2b)

+ 2(wpwyanwyy) + 2(wywyaywy,) }

where a,, is the signal constituent of v, and w, is the noise constituent of y;,.

Assuming that the signal and noise are zero-mean, independent random processes,
and that the in-phase and quadrature components of the noise are independent, (2a) and
(2b) are written as

M; = E{aya,} + E{w,w,}, (3a)
My = E{(ana;)z + (waw)? + 4(ana;wnw;;)}
(3b)
= E{(any)? } + E{ (w2} + 4E{ana;  E{waw}}
and for the sake of a simple notation, the following abbreviations are introduced:
S := E{anay}, (4a)
N := E{w,w}}, (4b)

where S is the average energy of a4, and N is the average energy of w,. Therefore,
(3a) and (3b) can be written as

M;=S+N, (5a)
My = k,S% + ky;N? +4SN, (5b)

where k, = E{ |an|4}/]5{|an|2}2 and ky = E{|w,|*}/E{ |wn|2}2 are the kurtosis of the
signal and the kurtosis of the noise, respectively. By solving for S and N, one obtains
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N=M,—S, (6a)
Mo (ke —2) + \/(4 — Kaka) M2 + My(ky + kyp — 4)
[y —

S =

,(6b)

and the estimator formed as the ratio of S to N is denoted as the M, M, estimator. As an
example, for any M-ary PSK signal, k, = 1, and for complex noise, k;, = 2, so that

\/2M3 — My
OMM ,complex — .
w My — /2M2 — M,

In a similar manner, assuming that y, is real, M, = E{y3} is equivalent to (5a),
but My = E{y}} is given by

@)

My = k,S% 4+ ko N? + 6SN, (8)

solving (5a) and (8) for N gives the same expression as (6a), but the solution for S is

Ma (ko —3) £ /(9 — kaku) M3 + Ma (ko + ko — 6)

S =
ka+kw_6 !

)

as an example, for BPSK signals, k, = 1, and for real noise, k;, = 3, so that

0.51/6M3 — 2M,
PMy My, real = . (10)
M, —0.5,/6M32 —2M,

In practice, the second-order and fourth-order moments are estimated using their
respective time averages for both real and complex channels as

M

Z ‘]/n|2/ (113)

1

Q

M;

3
Il

My

%

2= ==

lyal*, (11b)

Mz

[ey

n

where M denotes the number of the floating-point time I/Q samples for each signal datum.
The MM, algorithm [44] has low computational complexity, and it is insensitive
to carrier deviation and phase deviation. Moreover, since the algorithm allows blind
estimation to be conducted, it is widely applied in practice. Related studies have shown that
as the number of samples increases, the estimates are closer to the true values. In addition,
the algorithm can obtain a desired SNR estimator by introducing the combination of
higher-order moments according to the actual situation and performance requirements.

3.3.2. Fine-Tuning

Transfer learning is to transfer the knowledge learned from the source domain to
the target domain. It includes two important concepts: domain and task [45], where a
domain D is composed of a d-dimensional feature space X and a marginal probability
distribution function P(X), where X = {x1,--- ,x,} € X, i.e, D = {X,P(X)}. Given a
specific domain D, a task 7 is composed of a label space ) and a predictive function f(-),
ie, T ={Y,f(-)}. The function f(-) can be used to predict the corresponding label, f(x),
of a new sample x. From a probabilistic viewpoint, f(x) is approximately equal to P(y|x),
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that is, the probability distribution of ¥ under the condition of a given x. Based on the
above, transfer learning can be defined as follows: Given source domain

Ds = {(x1,y1), (32 93), -+, (X3 ¥n.) 3 (12)
and learning task Ts, and target domain
Dr={(x10), (x202), - (3 Y) (13)

and learning task 7t, transfer learning aims to help improve the learning of the target predic-
tive function fr(-) in Dy using the knowledge in Ds and Ts, where x; € Xs(i =1,2,--- ,ns)
and x]t. € Xr(j=1,2,---,n) are the data samples from the source and target domain, re-
spectively; yi € Vs and y]t- € Yr are the class labels corresponding to the source and target
domain sample, respectively; and Dg # Dr or Tg # Tr.

Fine-tuning is a typical transfer learning method that has been widely used in deep
neural networks [46,47]. As shown in Figure 2, the central idea is to transfer the weights of
the source network to the target network as its initial weights according to the similarities
between the source domain and the target domain. Moreover, the network may have
some abnormal conditions with a small sample size, such as the inability to converge, low
recognition accuracy, over-fitting and poor generalization ability during the actual training
process. Fine-tuning can effectively alleviate the above problems, because most of the source
networks have been trained on a large number of data, which is equivalent to expanding
the target dataset. With this method, the final target network has strong scalability and
robustness. In summary, fine-tuning can avoid retraining the new network and save
computational resources and training time, as well as improving model performance.

TXX)
TXX)
ogo\?}'
-
e
0 0]

20 0]
0 0
0‘0
0‘0\
0‘0}
XX}

Target domain network

Figure 2. Fine-tuning schematic diagram.

In this paper, we utilize the parameters learned from signals at high SNRs as the initial
weights of the backbone neural network at low SNRs. The recognition performance of the
modulated signals at low SNRs is effectively improved. The source task and the target
task are the same in this case, both of which aim to identify different modulation types.
However, the source domain has relatively ideal inputs, while the data in the target domain
are more contaminated by noise and interference.

4. Algorithm Design
4.1. Data
GNUradio is an open-source collection of signal processing routines, together with the

inception of commercially available software radio front-ends to complete the signal chain.
T. J. O’Shea [48] used this software toolkit to generate communication signals; then, the
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author used the Hilbert transform on the signals to obtain the transformed signals. The orig-
inal signals and the corresponding transformed signals were used as the I-channel data
and Q-channel data, respectively, and the corresponding SNR value and modulation type
of each sample were marked. Finally, multiple modulated signal datasets were generated.

This paper adopted an open-source dataset, RML2016.10a, which includes
220,000 modulated signals with 11 modulation types: BPSK, QPSK, 8PSK, 16QAM, 64QAM,
PAM4, CPFSK, GFSK, AM-SSB, AM-DSB and WBEM. The SNR values of the modulated sig-
nals vary from -20 dB to +18 dB, at 2 dB intervals. Out of 1000 samples of each modulation
type per SNR, 600 samples were randomly selected as training data, 200 samples as valida-
tion data and 200 samples as test data. Each sample in the dataset has 128 complex floating-
point time I/Q samples and was generated in harsh simulated propagation environments,
corrupted by AWGN, multi-path fading, sampling rate offset and center frequency offset
to resemble practical environments.

Figures 3-6 display the waveform, instantaneous amplitude, instantaneous frequency
and instantaneous phase of one sample of the 11 modulation types. In Figure 3, the blue
curve represents the I-channel data, and the red curve represents the Q-channel data. It can
be observed in the four figures that the I-channel data, Q-channel data and instantaneous
parameters of the 11 modulated signals present large differences. Regarding instantaneous
amplitude, BPSK, PAM4, CPFSK, GFSK, AM-55B, AM-DSB and WBEFM are different from
each other. However, QPSK is similar to 8PSK, and 16QAM is similar to 64QAM. Regarding
instantaneous frequency and phase, the 11 modulation types are different from each other.
Therefore, the backbone neural network adds instantaneous frequency and phase as two
new input channels on the basis of MCLDNN.

BPSK QPSK 8PSK QAMI16
QAM64 PAM4 CPESK GFSK
AM-SSB AM-DSB WBFM

Figure 3. Waveform graphs of 11 modulation types.
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Figure 4. Instantaneous amplitude of 11 modulation types.
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Figure 5. Instantaneous frequency of 11 modulation signals.
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Figure 6. Instantaneous phase of 11 modulation signals.

4.2. Backbone Neural Network
4.2.1. Network Structure
The backbone neural network adds two input channels on the basis of MCLDNN.
The network inputs adopt five channels, which are I-channel data ! (1), Q-channel data
Q(n), 1/Q-multi-channel data (") (1), instantaneous frequency r* (1) and instantaneous
phase r” (1) of the received signal, r(n). The network structure is shown in Figure 7.

N x128x1 . Conv
°(n) = -
)L T T F{conv2 '
N x128x1 O
D Flatten
*Conv 8| [+ LST™M 1‘ LSTM 2 ,

r(Q (n)Hjjj:H:H * Conv 3

N x2x128x1 O

()T - (o] 0

Conv 7
r (n)EEEEEEED ' P : Concatenation

N x128x1

@) Dense layer
+

O Softmax

Figure 7. Backbone neural network structure diagram.

In the backbone neural network, Convl, Conv2, Conv4 and Convb5 are all 1D convo-
lutional layers using 50 convolution kernels with a size of 8, the causal-padding scheme
and the Glorot uniform initializer; Conv3 is a 2D convolutional layer using 50 convolution
kernels with a size of 2 x 8, the same-padding scheme and the Glorot uniform initializer;
Conv6 and Conv? are 2D convolutional layers using 50 convolution kernels with a size of
1 x 8, the same-padding scheme and the Glorot uniform initializer; Conv8 is a 2D convolu-
tional layer using 100 convolution kernels with a size of 2 x 5, the valid-padding scheme
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and the Glorot uniform initializer. These convolutional layers provide superior features
to the LSTM layers by reducing noise variance and feeding higher-level abstraction of the
input data. Then, both LSTM1 and LSTM2 are LSTM layers with 128 cells to effectively
process sequential data and extract temporal correlations of each sample. For mapping
features to a more separable space, we added two dense layers with 128 neurons to deepen
our network. The output layer uses the softmax function, with 11 neurons corresponding
to a modulation mode.

4.2.2. Parameter Optimization

Many hyperparameters need to be tuned to generate a robust neural network that can
accurately recognize modulation types. In addition, these hyperparameters can affect the
performance of the network, along with its time to convergence. It is difficult to analyze
the recognition performance of the neural network using the mathematical derivation, so
this section will present the optimal hyperparameters determined with controlled groups
of experiments. Specifically, we utilized five modulation types (BPSK, GFSK, AM-SSB,
QAM16 and WBEM) in the RML2016.10a dataset as the experimental data to investigate the
optimal selection of the network hyperparameters. In this paper, the selection of learning
rate and batch size was considered.

The main idea of the BP algorithm [49] is to minimize the cost function by continuously
updating the network parameters. This often involves some iterative procedure that applies
changes to the parameters at each iteration of the algorithm. We consider the gradient
descent algorithm that attempts to optimize the objective function by following the steepest
descent direction given by the negative of the gradient. This approach can be applied
to update any parameters for which a derivative can be obtained, and the update rule is
defined as

aJ(6
Ouir = 0 — 20, a9
where 60,1 and 6,, are the parameter values at the (1 + 1)-th iteration and n-th iteration,
9/ ()

respectively; J(-) denotes the cost function; o(-) means the partial derivatives; and so =55
is the gradient of the parameters at the n-th iteration. # is a learning rate that controls how
large of a step to take in the direction of the negative gradient.

Setting the learning rate typically involves a tuning procedure in which the optimal
learning rate is chosen by hand. Choosing higher than this rate can cause the network
to diverge in terms of the objective function, and choosing this rate as too low results in
slow learning. In this paper, the optimal learning rate was determined using simulation
experiments, and the experimental results are shown in Table 2 and Figure 8.

Table 2. The complexity of the backbone neural network under different learning rates (batch
size = 512).

Training Time Total Training Time

Learning Rate Training Epochs

(Seconds/Epoch) (Seconds)

0.1 299 11 3289

0.05 327 11 3597
0.01 780 28 21,840
0.005 720 24 17,280
0.001 312 43 13,416
0.0005 295 68 20,060
0.0001 358 136 48,688
0.00005 364 198 72,072

Table 2 presents the training time of the backbone neural network at different learning
rates, and Figure 8 displays the corresponding recognition accuracy curves. It can be
observed that the recognition accuracy reached the highest when the learning rate was in
the range of 0.0005~0.001. When the learning rate was greater than 0.001, the recognition
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accuracy sharply declined, and the network failed to converge. When the learning rate was
less than 0.0005, the recognition accuracy had a slight decrease, but the total training time
started to dramatically increase. Therefore, the optimal learning rate was set to 0.001 in
this paper.

In addition, the batch size, which is the number of samples used in every epoch to train
the network, is also an important hyperparameter. To scale the stochastic gradient-based
methods to more processors, it is necessary to increase the batch size to make full use of
the computational power of each GPU. However, increasing the batch size often leads to
significant loss in test accuracy. In this paper, the batch sizes were in the range of [16, 32,
64, 128, 256, 512, 1024, 2048]. The corresponding training time and training epochs are
presented in Table 3. Figure 9 displays the training loss and validation loss of the network
for different batch sizes.
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Figure 8. The recognition accuracy of the backbone neural network at different learning rates (batch

size = 512).

Table 3. The complexity of the backbone neural network for different batch sizes (learning
rate = 0.001).

Training Time Total Training Time

Batch Size (Seconds/Epoch) Training Epochs (Seconds)
16 875 24 21,000
32 640 27 17,280
64 455 30 13,650
128 420 38 15,960
256 345 43 14,835
512 312 43 13,416
1024 302 70 21,140
2048 270 70 18,900

It can be seen in Table 3 and Figure 9 that setting the batch size too high made the
network take too long to achieve convergence (no more gain in accuracy). However, if the
hyperparameter was too low, it made the network bounce back and forth without achieving
acceptable performance, and the training time per epoch sharply increased. When the batch
size was 512, the total training time was relatively short, and the validation loss curve was
relatively smooth, so the optimal batch size of the backbone neural network was set to 512.

According to the above simulation results, the initial learning rate started at 0.001
and multiplied by a factor of 0.8 if the validation loss did not decrease within 5 epochs
to improve the training efficiency. The batch size was set to 512 to avoid the local value
and speed up the training process. The adaptive moment estimation (Adam) was used in
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this paper to minimize the loss function [50], and a dropout rate of dr = 0.5 was adopted
to avoid overfitting. We stopped the training process when the validation loss did not
decrease for 20 epochs and used minimum validation loss to predict the modulation types.
All experiments were implemented in the TensorFlow back-end using the Keras deep
learning library, supported by a 1 Tesla V100 32 GB GPU.

Batch size=16
Batch size=32
Batch size=64

Batch size=128 | 4

Batch size=256

Batch size=512 | 4

Batch size=1024

Batch size=2048 | 4

T T
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Figure 9. The loss curves of the backbone neural network for different batch sizes (learning
rate = 0.001). (a) Training loss and (b) validation loss.

4.3. Signal Feature Extraction
4.3.1. High-Order Cumulant Features

Higher-than-second-order cumulants of Gaussian noise tend to zero, so the noise can
be removed from modulated signals using high-order cumulants. In addition, the cumu-
lant values of the signal depend on its modulation type [51,52]. Therefore, high-order
cumulants can be used for the recognition of modulated signals with Gaussian white noise.
Concretely, let x(n) be a k-th order stationary random process with zero mean, and de-
note cum(x1,xo, - -+, X;) as the k-th order cumulant of the random vector. The k-th order
cumulant of x(n) is defined as

Crr(t, 12, -+, o) = cum(x(n),x(n+ 1), -+, x(n+7%_1)), (15)
the p-th order mixed moment of x(n) is defined as
Mpg = E{[x(n)P~1][x*(n)]7}, (16)

where ()* denotes the conjugate operation of a function.

For communication signals, the specific calculation process of high-order cumulants is
as follows: The Hilbert transform is firstly used on the received signal, x(7), to obtain the
transformed signal, x,(1). Then, x(n) and x,(n) are used as the real and imaginary parts to
obtain the corresponding analytical signal, z(n), of x(n). Finally, the high-order cumulants
of x(n) can be obtained by calculating the mixed moments of z(1). The commonly used
higher-order cumulants, Cyg, Cp1, Cag, Ca1, Ca2, Ceo, Co3 and Cgg are defined as follows:

Coo = cum(x,x) = My, (17a)
Co1 = cum(x,x") = My, (17b)
Cao = cum(x, x,x,x) = My — 3Mpg?, (17¢)
Cy1 = cum(x, x,x,x*) = My — 3MpyMyy, (17d)
Cap = cum(x,x,x*,x*) = My — Ma> — 2Mp?, (17e)

(

Ceo = cum(x,x,x,x,x, x) Mgo — 15Mpo My + 30M203, (171)



Electronics 2023, 12, 2134 16 of 29

Ces = cum(x, x,x,x*,x*,x*) = Mgz — 6Myy Mag — IMap Moy + 18Mag> My

(17g)

+12My;°, &

Cgo = cum(x, x,%,X,X,%,%,Xx) = Mgy — 28 MpoMgy — 35Myg? + 420 Mo Mpg? (17h)
— 630Mpp* .

In this paper, the following seven features were extracted on the basis of the second-
order, fourth-order, sixth-order and eighth-order cumulants of the modulated signals.

Fy = [Cxl/[Ca1l, (18a)
Fy = |Cyol /[C1 |, (18b)
B = [Cal/|Cul?, (18¢)
F3 = |Cpl/|Cui?, (18d)
Fy = |Ceol/|Caa|?, (18¢)
Fs = |Ces|/|Cai|’, (18f)
Fs = |C0l*/|Ca|. (18g)

4.3.2. Frequency-Domain Features

Some signals have the same feature values in the time-domain analysis, which requires
a further analysis of the signals in other transform domains. In general, the time—frequency
transformation of non-periodic dynamic signals can be realized using the Fourier transform,
the wavelet transform, the Wigner—Ville distribution and so on [53-55]. The resulting
frequency-domain features can distinguish between FM and AM signals.

With the frequency-domain analysis of the difference in the sequence of the instanta-
neous amplitude of the signals, the characteristic parameter F; can be extracted. The calcu-
lation process is as follows:

{ F; = max(|FFT(a1(n))|), (19a)
ay(n) = a(n)| = la(n =1)[, (19b)

where a(n) is the amplitude of the sample sequence of the received signal, the correspond-
ing difference is a1 (1) and FFT(-) denotes the fast Fourier transform.

With the frequency-domain analysis of the sample sequence, the characteristic param-
eter Fg can be extracted. The calculation process is as follows:

x1(n) = x(n)* — Elx(n)"], (20a)
s1(n) = [abs(FFT(x1(n))))?, (20b)

where x(n) is the sample sequence of the received signal, E(-) denotes the mathematical
expectation, D(-) denotes the mean-square deviation and abs(+) is the absolute value.

4.3.3. Spectrum Features

Power spectrum refers to power spectral density (PSD), which can intuitively reflect
the power distribution of the modulated signal in frequency. Since the amplitude modu-
lation (AM) signal contains direct current components, its power spectrum has a carrier
component, while other signals, such as MPSK, do not have the component at the carrier
frequency. Moreover, the number of prominent single-frequency components in the spectral
line can be used for the intra-class recognition of MFSK signals [56,57]. On the basis of the
cubic, hex and oct spectrums, which are the power spectra of the signal after the operations
of cubic, hex and oct powers, the three spectrum features Fy, Fjp and F;; were obtained in
this paper.
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We can take Fy as an example. Firstly, the analytical signal sequence x,(n) can be
obtained using the Hilbert transform on the sample sequence x(n). Then, by using the
Fourier transform on the auto correlation function of x,(n), the estimated value of the
signal power spectrum ¢, (1) is obtained. Finally, Fy can be extracted by calculating the
standard deviation coefficient of the square of the modulus of ¢,(#). The cubic operation is
to increase the difference in the spectrum power distribution of the signal, and the standard
deviation coefficient is used to measure the degree of variation. The detailed calculation
process is as follows:

x,(n) = H{x(n)g’] , (21a)
ca(n) = FFT{E[x,(n)xa(n+ 7)]}, (21b)
da(n) = |ca(n)|?, (21¢)

The calculations of Fjp and Fy; are similar to the above process, replacing the cubic
power with the sixth and eighth power.

4.3.4. Envelope Features

In an ideal noise-free environment, the envelope of a non-amplitude-modulated signal
is generally constant. Although the envelope slightly changes in rare cases, it can still
be regarded as constant envelope modulation, while the envelope represents obvious
fluctuations for the amplitude-modulated signal. The kurtosis of the normalized—centered
instantaneous amplitude [58] can reflect the difference in the amplitude distribution of
square QAM signals. The detailed calculation process is defined as

_ Elad,(n)]
2 E, ) 2
_a(n)
aen(n) = mi,,( -1, (22b)
1 N
me =5 ) aln), (220)

n=1

where a., (1) is the normalized—centered instantaneous amplitude of the signal and a(#n) is
the instantaneous amplitude.

4.4. Implementation Details

The flow chart of the modulation recognition algorithm based on fine-tuning and
feature re-extraction is shown in Figure 10. The detailed operation steps are as presented
below.

(1) Based on the MM, algorithm, the eigenvalue of each modulated signal in the
dataset is calculated. Then, the dataset can be divided into three SNR regions: [12 dB,
18 dB], [0 dB, 6 dB] and [-8 dB, —2 dB].

(2) Based on the fine-tuning method, the weights of network N1 trained with the
modulated signals at higher SNRs are used as the initial weights of untrained network N2
at lower SNRs. Then, network N2 is trained with the modulated signals at lower SNRs,
and the classification results are obtained.

(3) According to the classification results, we can calculate the recalling rate of each
modulation type. If the recalling rate is greater than the threshold, the corresponding
modulated signal is classified as the non-confused class, and the classification result is
directly outputted. Otherwise, the modulated signal is classified as the confused class.

(4) For the modulated signals belonging to the confused class, on the basis of the
deep features extracted by the backbone neural network, the kurtosis of the normalized—
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centered instantaneous amplitude is re-extracted to obtain the deeper features with better
recognition performance.

(5) For the features obtained in step (4), we use a classifier to identify them and acquire
the final classification results.

Modulated signal

‘ SNR region classification ‘

Weight 1 Fine-tune Weight 2 Fine-tune Weight 3
[12 dB, 14 dB, 16 dB, 18 dB] [0dB, 2dB, 4 dB, 6 dB] [-8 dB, —6 dB, —4 dB, —2 dB]
Classifier 1
backbone neural network

. Yes
Recalling rate > TH

No

‘ Feature re-extraction ‘

‘ Classifier 2 ‘

‘ Recognition result }

Figure 10. The modulation recognition algorithm flow chart.

5. Simulation Results
5.1. SNR Region Classification

The eigenvalues of all modulated signals calculated by the M;M, algorithm were
averaged in segments. Then, by comparing the mean values with the thresholds, the dataset
was divided into three SNR subregions. Figure 11 shows the eigenvalue distribution curves
of the modulated signals at different SNRs. Figure 11a displays the eigenvalue distribution
curves in the SNR region of [12 dB, 18 dB], corresponding to 18 dB, 16 dB, 14 dB and 12 dB,
from top to bottom. Figure 11b displays the eigenvalue distribution curves in the SNR
region of [0 dB, 6 dB], corresponding to 6 dB, 4 dB, 2 dB and 0 dB from top to bottom.
Figure 11c displays the eigenvalue distribution curves in the SNR region of [-8 dB, —2 dB],
corresponding to —2 dB, —4 dB, —6 dB and —8 dB from top to bottom.

It can be observed in Figure 11 that the signal eigenvalues in the high-SNR region of
[12 dB, 18 dB] were in the range of 200~6000, the signal eigenvalues in the medium-SNR
region of [0 dB, 6 dB] were in the range of 5~55 and the signal eigenvalues in the low-SNR
region of [-8 dB, —2 dB] were in the range of 2~5. The modulated signal eigenvalues in
the three SNR regions could be clearly distinguished, and the classification accuracy was
99.44%.

5.2. Network with Randomly Initialized Weights

Firstly, the backbone neural network for modulation recognition was constructed ac-
cording to Figure 7. Then, the network with randomly initialized weights was trained with
the modulated signals in three SNR regions, and the recognition results of 11 modulation
types in each SNR region are shown in Figure 12.
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Figure 11. The eigenvalue distribution curves for SNR region classification in (a) [12 dB, 18 dB],

(b) [0 dB, 6 dB] and (c) [-8 dB, —2 dB].

It can be seen in Figure 12 that the average recognition accuracy values of 11 modula-
tion types were 91.96%, 82.44% and 54.82% in the three SNR regions of [12 dB, 18 dB], [0
dB, 6 dB] and [—8 dB, —2 dB]. The recognition accuracy shows large differences between
the network with randomly initialized weights at high SNRs and that at low SNRs.
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Figure 12. Modulation recognition accuracy of neural networks with randomly initialized weights in
the three SNR regions of (a) [12 dB, 18 dB], (b) [0 dB, 6 dB] and (c) [-8 dB, —2 dB].
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The confusion matrices for the 11 modulated signals in the high-SNR region of [12 dB,
18 dB] and the medium-SNR region [0 dB, 6 dB] are given in Figure 13. As shown in the
figure, BPSK, QPSK, 8PSK, PAM4, CPFSK, GFSK and AM-SSB could be well distinguished
by the backbone neural network, except for AM-DSB and WBFM, and 16QAM and 64QAM,
which were still confused with each other.
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Figure 13. Confusion matrix of the network with randomly initialized weight in the SNR regions of
(a) [12 dB, 18 dB] and (b) [0 dB, 6 dB].

5.3. Network with Weight Transfer

The modulated signals in the lower-SNR regions were used to verify the recognition
performance of the fine-tuning-based network weight transfer method. The weights of
the network trained with the signals in the high-SNR region of [12 dB, 18 dB] notated
as wl were transferred to the untrained network in the medium-SNR region of [0 dB, 6
dB] as its initial weights. Similarly, the weights of the network trained with the signals in
the medium-SNR region of [0 dB, 6 dB] notated as w2 were transferred to the untrained
network in the low-SNR region of [-8 dB, —2 dB] as its initial weights. The recognition
accuracy comparison of the network with randomly initialized weights and the network
with weight transfer is shown in Figure 14.
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Recognition accuracy (%)
Recognition accuracy (%)
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Figure 14. Recognition accuracy comparison between the network with randomly initialized weights
and the network with weight transfer in the two lower-SNR regions: (a) [0 dB, 6 dB] and (b) [-8 dB,
—2dB].

In Figure 14, the circular line represents the accuracy curve of the network with
randomly initialized weights, and the diamond line represents the accuracy curve of the
network with the aforementioned w1 as the initial weights. As can be seen in Figure 14a,
the average recognition accuracy of the network with randomly initialized weights in the



Electronics 2023, 12, 2134

21 of 29

medium-SNR region of [0 dB, 6 dB] was 82.44%, while the average accuracy of the network
with weight transfer was 88.11%. The accuracy was improved by about 6%. Similarly,
in Figure 14b, the average recognition accuracy of the network with randomly initialized
weights in the low-SNR region of [-8 dB, —2 dB] was only 54.82%, while the network with
weight transfer yielded better performance, with an average recognition rate of 65.63%,
up by about 11%.

The confusion matrices of the 11 modulated signals in [0 dB, 6 dB] and [-8 dB, —2 dB]
are displayed in Figure 15. It can be found that although the modulation recognition
performance of the network with weight transfer in the two SNR regions was greatly
improved, the four modulation types of AM-DSB, WBFM, 16QAM and 64QAM were still
confused with each other.

0.009 0.001 0.002 0.0 0.0 0004 0.002 0.043 0.0

spsk LR 0.0 8PSK RN 0.004 0.111 0.051 0.08 0.039 0.001 0.031 0.003 0.127 0.011

AM-DSB g8 00 00 00 0002 00 00 00 00 0203 AM-DSB0.006 [URER 0.007 0.002 0.002 0.039 0.0 0.0 0.0 0001 0.163

AM-SSB{ 0.0 00 00 00 00 00 00 00 : AM-sSB{0.015 0004 (EUER 0012 001 002 00 00 00 001 0026

BPSK{ 0.0 0.0 0004 00 00 0003 00 BPSK1{0.072 0.019 0.102 QKGN 0.023 0.02 0.019 0.001 00 0.048 0.006

00 00 0003 00 0.6 CPFSK{0.079 0.01 0095 0019 (XEEH 008 00 00 00 003 0017

CPFSK{0.001 00 00 00 [UEEE 00

GFSK{ 0.0 00 00 0.0 00 00 0001 0012 GFSK{0.011 0026 006 0011 003 (&GN 00 00 00 0006 0.09

True label
True label

PAM44 00 0.0 0006 0.001 0.0 00 00 00 0.4 PAM40.007 0.006 0.006 0.1 0.002 0.003 (EELH 0.004 0.001 0.011 0.003

QAM1670.009 0.0 0011 0.0 0.0 00 00 [EYO.15 00 00 QAM1670.103 0.0 0.016 0.009 0.015 0.005 0.003 HUSRE 0.282 0.046 0.001
QAM6410.004 0.0 0.003 0.0 0.0 0.0 0.001 0.319 (YRR 0.001 0.0 QAM640.009 0.001 0.011 0.0 0.001 0.001 0.001 0.2170002 0.0 0.2
0.2
QPSK10.006 0.0 0015 0.002 0.001 0.0 0.0 0.003 0.0 QPSK10.246 0.005 0.111 0.051 0.7 0.031 00 0011 0.0 I:‘ﬂ 006
WBFM{ 0.0 0456 00 00 00 0008 00 00 00 00 K& WBFM { 0.002 0.01 0.003 0.004 0.078 00 00 00 0002 0282
< IR S S > & & D 00 RS TR SR S S . 00
F O P F FF P & F L EF FEF N &F &
& »V“'Q FEIFTF S FTFHFIS FITFTIFFTSFTFIE
predicted label predicted label
(a) (b)

Figure 15. Confusion matrix of the network with weight transfer in the SNR regions of (a) [0 dB,
6 dB] and (b) [-8 dB, —2 dBJ.

5.4. Feature Re-Extraction

The deep features extracted by the backbone neural network could not effectively
identify all modulated signals, and there were still some modulated signals that were
confused. Therefore, based on the deep features extracted by the network, we considered
re-extracting new, deeper features to obtain better recognition results. The above-mentioned
13 signal features, Fy ~ Fjp, were extracted, and the feature distribution curves of four
confused modulated signals in three SNR regions are displayed in Figures 16-18.

As shown in the three figures, in the high-SNR region of [12 dB, 18 dB], only F3, Fs, F5
and Fjp could distinguish among the four confused signals. In the medium-SNR region
of [0 dB, 6 dB], F3 could not distinguish among 16QAM, WBFM and 64QAM; Fs could
not distinguish between 16QAM and WBEM; and only F; and F;; could better distinguish
among the four confused signals. In the low-SNR region of [-8 dB, —2 dB], it can be seen in
the distribution curves of F3, F; and F5 that among the eigenvalue ranges of the four easily
confused signals varying degrees of overlap existed. Only F;; could distinguish among the
four confused signals.

In addition, the eigenvalue distributions of F, in different SNR regions were more
stable than the other three features, that is, all four eigenvalues of 16QAM and 64QAM
were consistently larger than those of the other two signals, AM-DSB and WBFM. Therefore,
the importance order of the four features was Fyp > F; > F5 > F3, and the other nine features
were not involved in the ranking because they could not distinguish among 16QAM,
64QAM, WBFM and AM-DSB even at high SNRs.

In Figure 19, for the signals in [12 dB, 18 dB], the modulation recognition accuracy
of the network with randomly initialized weights was 91.96%, while the accuracy based
on feature re-extraction was 98.66%, which is an improvement of about 7%. In [0 dB,
6 dB], the modulation recognition accuracy of the network with randomly initialized
weights was 82.44%. The accuracy based on feature re-extraction was 95.95%, which is an
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improvement of about 14%. In [-8 dB, —2 dB], the modulation recognition accuracy of
the network with randomly initialized weights was 54.82%, while the accuracy based on
feature re-extraction was 71.68%, which is an improvement of about 17%. The experimental
results reveal that the feature re-extraction method can greatly improve the modulation

recognition performance.
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Figure 16. The distribution curves of features (a) Fs, (b) Fy, (c) F5 and (d) Fy; in [12 dB, 18 dB].
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Figure 19. Recognition accuracy comparison before and after feature re-extraction by the network

with randomly initialized weights in the three SNR regions: (a) [12 dB, 18 dB], (b) [0 dB, 6 dB] and
(c) [-8dB, —2 dB].

Figure 20 shows the confusion matrices of the 11 modulated signals after feature
re-extraction in the high-SNR region of [12 dB, 18 dB]. Seven modulation types could be
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fully identified by the backbone neural network, and the other four confused modulation
types, AM-DSB and WBEFM, and 16QAM and 64QAM, could be well distinguished using
feature re-extraction; thus, the effectiveness of the feature re-extraction method in confused
signal recognition was further demonstrated.
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Figure 20. Confusion matrix of (a) the four confused modulation types and (b) the seven non-confused
modulation types.

5.5. Combination of Fine-Tuning and Feature Re-Extraction

In this subsection, the comparison of modulation recognition results in the four cases
of weight random initialization, weight transfer based on fine-tuning, feature re-extraction,
and the combination of weight transfer and feature re-extraction in the two lower-SNR
regions of [0 dB, 6 dB] and [—8 dB, —2 dB] is presented in Figure 21. In the figure, the trian-
gular connection line represents the modulation recognition accuracy of the network with
randomly initialized weights. The square connection line represents the modulation recog-
nition accuracy of the network with weight transfer. The circular connection line represents
the modulation recognition accuracy of feature re-extraction. The diamond connection line
represents the modulation recognition accuracy of the combination of weight transfer and
feature re-extraction. Figure 21a reveals that the average modulation recognition accuracy
values of the above four cases were 82.44%, 88.11%, 95.95% and 98.23% in the medium-SNR
region of [0 dB, 6 dB]. Similarly, Figure 21b reveals that the average modulation recognition
accuracy values of the above four cases were 54.82%, 64.37%, 71.68% and 76.73% in the
low-SNR region of [-8 dB, —2 dB].
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Figure 21. Recognition accuracy comparison in four cases in the two lower-SNR regions: (a) [0 dB,
6 dB] and (b) [-8 dB, —2 dB].



Electronics 2023, 12, 2134

25 of 29

In summary, transfer learning and feature re-extraction can improve the modulation
recognition performance to different extents, and feature re-extraction performs better.
Moreover, combining fine-tuning and feature re-extraction can achieve the best modulation
recognition accuracy.

5.6. Performance Comparison of the Proposed MR Algorithm and Other Existing Algorithms

In order to verify the superiority of the proposed method in terms of recognition accu-
racy and complexity, we compared the proposed algorithm with four existing algorithms,
namely, CNN-IQ [59], LSTM-IQ [60], CLDNN-IQ [61] and MCLDNN-IQ [39]. IQ means
that the network inputs are I-channel data and Q-channel data. We used the number of
learned parameters and floating-point operations (FLOPs) as the measures of network
complexity. The experimental results are presented in Figure 22 and Table 4.
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Figure 22. The comparison of the proposed algorithm and existing algorithms in terms of recogni-
tion accuracy.

Table 4. The comparison of the proposed algorithm and existing algorithms in terms of complexity.

MR Algorithm Learned Parameters FLOPs
CNN-IQ 129,867 130,132
LSTM-IQ 297,611 558,473

CLDNN-IQ 334,225 594,943
MCLDNN-IQ 405,175 665,742
Proposed algorithm 476,125 736,545

It can be observed in Figure 22 that CNN-IQ had relatively low classification accuracy.
Its average recognition rate was 73.53% at SNRs ranging from —8 dB to 18 dB, and the
maximum accuracy was 82.91% at SNR = 6 dB, which shows that CNN is relatively low-
performing in the feature extraction of time-series signals. LSTM-IQ had better recognition
results than CNN-IQ, but it has high computational requirements and requires a long
training time to obtain good results. The CLDNN-IQ model had higher recognition accuracy
than LSTM-IQ and CNN-IQ at low SNRs. The average accuracy of CLDNN-IQ was
78.49% at SNRs ranging from —8 dB to 18 dB, and the maximum accuracy was 87.44% at
12 dB. MCLDNN-IQ had better performance than CLDNN-IQ when SNR > —6 dB. Its
maximum recognition accuracy was 93.38% at SNR = 12 dB, and the average accuracy was
82.99% at SNRs ranging from —8 dB to 18 dB. Regarding the optimization scheme proposed
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in this paper, its recognition accuracy reached 58.53% at SNR = —8 dB and 96.65% at SNR
= 0 dB. The average accuracy was 91.28% at SNRs ranging from —8 dB to 18 dB, which
is an improvement of 8% to 17% compared with that of the other four existing schemes.
The simulation results prove that the proposed scheme is an advanced method in terms of
recognition accuracy.

Table 4 provides the comparison of the proposed algorithm and existing algorithms
in terms of complexity. It can be seen that the network complexity of the five algorithms,
including CNN-IQ, LSTM-IQ, CLDNN-IQ, MCLDNN-IQ and the proposed algorithm,
sequentially increases. Although the complexity of the proposed algorithm is the highest,
the increase is slight compared with MCLDNN-IQ. Moreover, considering the significant
improvement in recognition accuracy, the complexity of the proposed algorithm is within
the acceptable limits.

6. Conclusions

In this paper, an optimization scheme for deep learning-based modulation recognition
algorithms is proposed to address the fact that neural networks have poor recognition
effects in some cases. Using transfer learning, the knowledge (network weights) learned
from high-SNR data can be transferred to the low-SNR network, which improves the
scalability and robustness of the network at low SNRs. The deeper and more discriminative
feature representation of the original signal can be obtained using feature re-extraction,
thereby effectively identifying confused modulation types. In addition, the improved
recognition method combining deep learning and traditional machine learning or the
likelihood ratio test will be investigated in future work.
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