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Abstract: Automatic modulation classification (AMC) serves a challenging yet crucial role in wireless communica-
tions. Despite deep learning-based approaches being widely used in signal processing, they are challenged by signal
distribution variations, especially in various channel conditions. In this paper, we introduce an adversarial transfer
framework named frequency-learning adversarial networks (FLANs) based on transfer learning for cross-scenario
signal classification. This method uses the stability in the frequency spectrum by introducing a frequency adaptation
(FA) technique to incorporate target channel information into source-domain signals. To address the unpredictable
interference in the channel, a fitting channel adaptation (FCA) module is used to reduce the difference between the
source and target domains caused by variations in the channel environment. Experimental results illustrate that
FLANSs outperforms state-of-the-art transfer approaches, demonstrating an improved top-1 classification accuracy
by about 5.2 percentage points in high signal-to-noise ratio (SNR) scenes on a cross-scenario real collected dataset
CSRC2023.
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1 Introduction have shown remarkable success in various complex

tasks. Particularly, end-to-end models have been rec-
Automatic modulation classification (AMC),

serving as an integral component of signal direction

ognized for their exceptional performance (O’Shea

et al., 2016), enabling a DL system to learn suit-
and demodulation in wireless communications, plays

a pivotal role in a range of civil and military appli-
cations including spectrum monitoring, interference
identification, and spectrum management. The im-

able features through a data-driven approach, with-
out needing hand-crafted features. This advance-
ment in DL has been effectively used in communica-

tions, particularly in the area of modulation classi-

portance and application of modulation classification
have been extensively explored over several decades.

More recently, deep learning (DL) techniques
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fication. The use of convolutional neural networks
(CNNs) in complex-valued radio signal classifica-
tion has displayed competitive results when com-
pared to traditional approaches based on expert fea-
tures. With a substantial number of labeled signals,
models can “study” the characteristics of the signals
autonomously. Another effective tool is the recur-
rent neural network (RNN), designed specifically for
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processing time-sequenced signals and their inter-
connections; despite requiring large volumes of data,
RNN has proved effective in signal modulation recog-
nition (Rajendran et al., 2018).

However, wireless radio signals can drastically
vary across different channel conditions. The exis-
tence of a line of sight (LOS) between the transmit-
ter and the receiver can significantly affect wireless
communications, leading to deviations in the sta-
tistical characteristics of the received radio samples
from the training data. DL algorithms necessitate
large volumes of training data that adhere to the
independent and identically distributed (i.i.d.) con-
dition with the test data (Pan and Yang, 2010). Un-
fortunately, obtaining sufficient training data for all
potential radio scenarios is not practical, which can
compromise the effectiveness of the model. The im-
pact of scenario variation, particularly noticeable in
the time domain, can also compromise model effec-
Conversely, the frequency domain offers
higher stability. For instance, when collecting sig-
nals indoors using universal software radio periph-
eral (USRP), the presence of walls and obstacles in-
troduces multipath interference, which leads to the
presence of strong high-frequency components in the
received signal. However, significant variations in
these components do not affect the identification of
the modulation format used in the signal. Addi-
tionally, due to the numerous factors in real channel
conditions, accurately estimating the variation in the
characteristics of the received signals from different
channels is a formidable task.

tiveness.

To address this challenge, transfer learning (TL)
is introduced to AMC. This relaxes the previous con-
straint, allowing the use of knowledge from existing
channel conditions to solve issues in unknown sce-
narios. Fine-tuning, an extensively used method,
shows promising performance (Zhou et al., 2022; Lin
WS et al., 2023). It involves freezing the entire net-
work trained in the source domain and then updat-
ing the parameters of the last few fully connected
layers with samples from the target domain. Simi-
larly, weight sharing is used to initialize the param-
eter before inputting target signals. To solve more
challenging problems, the generative adversarial net-
work (GAN) is integrated into TL and applied to
modulation classification. Domain adaptation, aim-
ing to minimize the difference between the source
and target domains, is widely used to address insuf-

ficient data issues. The domain adversarial neural
network (DANN) combines a deep transfer network
with an adversarial network, consisting of a feature
extractor, a label classifier, and a domain determiner
(Ganin et al., 2015).

Inspired by adversarial networks and TL, we
propose an adversarial transfer framework named
frequency-learning adversarial networks (FLANS).
It leverages a frequency adaptation (FA) module
and a fitting channel adaptation (FCA) module to
minimize the difference between two domains caused
by channel environment variations (Fig. 1). Con-
sidering the stability of spectral characteristics dur-
ing these changes, our FA module adjusts the high-
frequency spectrum of signals from two different do-
mains to enforce inter-domain similarity, resulting
in an approximately 10% improvement in accuracy.
In addition, to address the uncertain factors in real
channel conditions, the FCA module establishes a
virtual channel and applies adversarial training to
limit the distance between signal vectors after trans-
mission, thereby further reducing differences. This
approach has shown superior performance compared
to existing adversarial networks, demonstrating an
approximately 5.2 percentage points (PPs) accu-
racy gap on the cross-scenario real collected dataset
CSRC2023.

The contributions of this work are summarized
as follows:

1. We propose an adversarial training frame-
work named FLANs to substantially enhance the
performance of TL-based modulation classification
of cross-scenario signals.

2. The proposed FLANs framework consists of
two modules: the FA module and the FCA module.
These modules are effectively used to minimize the
difference between the two channels.

3. The proposed FLANs framework demon-
strates superior performance compared to existing
adversarial transfer methods, enhancing migration
ability and extending application scenarios.

2 Related works
2.1 AMC with DL

AMC is crucial in communication technology.
With the continuous evolution of DL, the amalga-
mation of DL and AMC has grown into a significant
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Fig. 1 Pipeline of FLANs framework, which uses the FA module and the FCA module to reduce the differ-
ences between two domains caused by channel environments. The FA module uses the stability of spectral
characteristics during scenario changes. The FCA module applies adversarial training, aiming to address the

uncertain factors and their variations in the real channel conditions

field of research with various related studies. Unlike
traditional feature-based AMC algorithms (Alarabi
and Alkishriwo, 2021; G et al., 2021) and support
vector machines (SVMs) (Lukito et al., 2021; Salama
et al., 2022), which separate classes of data using an
optimal hyperplane, DL is a data-driven approach
that relies on an end-to-end model, eliminating the
need for manual feature extraction.

DL methods can be broadly categorized into
RNNs and CNNs. RNNs ex-
cel at temporal feature extraction, while CNNs are
adept at learning spatial features. O’Shea et al.
(2016) studied the feasibility of CNNs on complex-
valued radio signal classification, comparing end-to-
end CNN models with traditional expert feature-

two main classes:

based approaches. The former showed superior per-
formance. Chen et al. (2022) proposed a novel DL
framework named SigNet for wireless signal mod-
ulation classification, which adopts the signal-to-

matrix (S2M) transformation method and integrates
CNNs for classification purposes. Lin Y et al. (2021)
studied the impact of carefully designed adversar-
ial perturbations added to input signals on mod-
ulation recognition performance in practical non-
cooperative communication scenarios. They evalu-
ated the effectiveness of adversarial attack methods
on signals and empirically assessed the reliability of
CNNs. Their findings lay a crucial foundation for en-
hancing CNN resilience against adversarial attacks.
Additionally, a data-driven sub-sampling approach
was presented for received wireless signals (Ramjee
et al., 2021), which significantly reduced classifier
training time and improved classification accuracy.
Other works used residual neural networks (ResNets)
(He et al., 2016; O’Shea et al., 2018) and RNNs (Ra-
jendran et al., 2018) for modulation classification,
demonstrating effectiveness (Huang et al., 2020).

Despite the absence of prior knowledge, DL
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effectively captures complex patterns and relation-
ships in signals using deep neural networks (DNNs).
However, it requires a substantial amount of labeled
signal data, which is often unrealistic for most signals
(Tan et al., 2022). When the distribution of train-
ing and test data varies, performance deterioration
occurs, leading to the introduction of TL (Perenda
et al., 2021).

2.2 AMC with TL

TL eases the constraint that training data must
follow the same distribution as test data, but its ap-
plications in AMC are scarce (Wang MY et al., 2021).

Signals as time-series data present challenges
due to weak semantic information, making manual
annotation difficult. The initial application of TL to
time-series classification research (Wang ZG et al.,
2017) is represented by a fully convolutional net-
work known for its high accuracy and robustness.
The technique includes two steps: pre-training on
the source domain and fine-tuning on the target do-
main. This approach has been referred to as fine-
tuning (Meng et al., 2018) and has been widely ap-
plied (Zhou et al., 2022; Lin WS et al., 2023). Yao
et al. (2023) used a few-shot learning approach aimed
at addressing the challenge of identifying specific
emitters (e.g., communication devices or transmit-
ters) using limited training data. Similarly, weight
sharing (Pan and Yang, 2010) was used to address
transfer problems with signals under different sample
rates (Wang Q et al., 2019), initializing the classifier
of the target domain. This has also been adopted to
address unstable model performance in low signal-
to-noise ratio (SNR) scenarios (Xu Y et al., 2019).

With the proposal of GAN (Goodfellow et al.,
2014), scholars have gradually integrated it into TL,
applying it to modulation classification. Domain
adaptation aims to minimize the difference between
source and target domains and is universally ap-
plied to tackle insufficient data issues (Xu ZW et al.,
2023).
tion (ADDA) and a general framework for adver-
sarial unsupervised adaptation methods have been
proposed (Tzeng et al., 2017). Further work incorpo-
rated adversarial training with knowledge transmis-
sion to decrease domain deviation (Bu et al., 2020).
Taking into account the considerable shortage of la-
beled data in the target domain in cross-scenario
cases, auxiliary classifier GANs (ACGANs) have

Adversarial discriminative domain adapta-

been proposed as a generator to expand the dataset
(Tang et al., 2018). TL based on AlexNet, called
AlexNet-TL (Zhao et al., 2022), has been proposed
with the pre-training and fine-tuning method, using
60 labeled samples, showing an obvious improvement
in accuracy (14%). Zhu et al. (2021) proposed a deep
subdomain adaptation network (DSAN), which, by
introducing a subdomain feature alignment mecha-
nism in DNNs, effectively reduces the distribution
discrepancy between the source and target domains,
thereby enhancing classification performance. Nam
et al. (2021) proposed a method named style-agnostic
networks (SagNets) to reduce the domain gap by
mitigating the style bias. The authors introduced a
framework that incorporates domain adaptation and
style transfer techniques between the source domain
and the target domain via an intermediary domain.
This approach aims to balance stylistic differences
across domains, thereby enhancing model general-
ization capability and performance.

The introduction of a deep transfer network into
adversarial networks leads to the proposal of DANN
(Ganin et al., 2015), which consists of three parts:
feature extractor, label classifier, and domain deter-
miner. This network structure forms a fundamental
framework for adversarial TL, prompting many re-
search studies based on this framework (Long et al.,
2015; Xiao et al., 2021). Inspired by DANN, we
propose an adversarial TL architecture FLANs for
TL-based AMC issues.

3 Proposed approach FLANs
3.1 Problem statement

In this subsection, the random modeling method
is used to discuss the challenges that DL encoun-
ters when dealing with modulation classification is-
sues. The wireless communication system consists
of a transmitter, a channel, and a receiver. The re-
ceived signal (n) can be given as follows:

z(n) = s(n)h(n) +w(n), n=1,2,...N, (1)

where s(n) symbolizes a transmission signal. After
undergoing filtration, the transmission signal pro-
ceeds to a communication channel with an impulse
function h(n) and is accompanied by the additive
Gaussian white noise w(n).
the receiver is denoted as V.

The sampling rate of
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As the impulse function h(n) varies with the
channel environment, we use the random modeling
method in practical channels to further demonstrate
the effect of the channel environment on the received
signals. Rayleigh and Rician channels model signal
statistics in intricate environments. The latter por-
trays a scenario with a LOS path in the channel,
assuming the received signal as a combination of a
primary path signal and the randomly reflected path
signals, thereby symbolizing multipath signals in a
stochastic process.

The Rician channel model typically uses an am-
plitude response function with exponential decay and
a sine function with a random phase offset to depict
the primary path signal, as in Eq. (2):

K :
h() =\13% e~ el?mlet
1 &
- —(a+i27 )t gidn
/T n F,HE:lane ) el

where K signifies the average power ratio of the pri-
mary path signal to the randomly reflected path sig-
nals (i.e., the power ratio of the LOS path to the
multipath), o denotes the attenuation factor of the
primary path signal, f. symbolizes the frequency of
the primary path signal, L, indicates the number of
randomly reflected paths, ¢ denotes the time, and
an, fn, and ¢, denote the amplitude, frequency, and
phase of the corresponding n** randomly reflected
path, respectively. When K =0, the Rician chan-
nel model devolves into the Rayleigh channel model,
which indicates the absence of a LOS path.

This paper addresses the AMC task under cross-
scenario conditions, taking into account both Rician
and Rayleigh channels. Based on these theories, we
can view the presence or absence of LOS as the pri-
mary reason for distributional differences between
the domains. We consider the former as the source
domain and the latter as the target domain. Under
these circumstances, the data-driven DL method, re-
liant on the consistency of data distribution between
training and test data, will likely exhibit poor clas-
sification performance. Thus, we introduce TL with
the hope of transferring existing knowledge from the
source domain to the target domain and enhancing
the classification accuracy of target signals.

(2)

Given the variant channel conditions, it is im-
possible to establish a well-labeled dataset in the

target domain. Therefore, this problem can be per-
ceived as an unsupervised problem. Here, we exploit
the stability of the frequency spectrum and the ad-
versarial training method to minimize the difference
between the two domains, ultimately aiming to boost
the classification accuracy.

3.2 Domain adversarial neural network

DANN (Ganin et al., 2015), characterized by its
residual structure, is a classic neural model designed
to tackle domain adaptation problems.
fectively reduce differences between source and tar-
get domains, thereby enhancing the generalization
capabilities of models in the target domain. After
the introduction of DANN, similar domain adversar-
ial training techniques have been adopted by many
domain adaptation methods, and these have shown
promising results in various tasks.

DANN comprises three components: feature ex-
tractor Gi, label predictor G, and domain classifier
G4. Their functions are as follows:

The feature extractor G learns a function that
maps an example into a new D-dimensional rep-
resentation, parameterized by a matrix—vector pair
(W,b) € RP*™ x RP and £ € R™, as defined by

Eq. (3):

It can ef-

Gs(x; W, b) = sigmoid(Wa + b),

1 lal (3)
sigmoid(a) = L-FTP(—%)} N

The label predictor G learns a function pa-
rameterized by a pair (V,c) € RI*P x RL and
G¢(x) € RP. Using the softmax function, each com-
ponent of the vector G1(G¢(x)) indicates the condi-
tional probability that the neural network assigns x
to the class represented by that component:

G1(Gt(x); V, ¢) = softmax(V G¢(x) + ¢),
exp(—a;)

la|
la| ‘| :
Zl exp(—a;) | ;-1

softmax(a) =

(4)

The domain classifier G4 learns a logistic regres-

sor, parameterized by a vector—scalar pair (u,z) €

RP x R, which models the probability that a given

input originates from either the source domain Dy or
the target domain Dy:

Ga(Gi(x);u, 2) = sigmoid(u” Gy (x) + 2).  (5)
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Both the label predictor G and the domain clas-
sifier G4 take the output of the feature classifier G
as their input.
tracted from the signals are indistinguishable for Gy,
while G is still able to classify the modulation for-
mat of the signals. The introduction of adversarial

training aims to optimize the following equation:
E(W7 V7 b7 c7 u7 Z)

This ensures that the features ex-

n

J 1 ,
=— Lt b — — L b
n; 1(W7 ,V,C) A(ﬂ; d(W7 ,U,Z)
A
+ Z Lé(W,b,u,z)) ,
i=n+1

(6)

where n is the number of classes and n’ = N —(n+1).

During training, G¢ and G| compete with Gq

in an adversarial manner. Here, Gt learns to map

signals into a new D-dimensional representation, en-

abling G to classify the modulation format of the

signals while diminishing the capability of G4 to dif-
ferentiate the domain of signals.

Despite its several advantages in domain adap-
tation learning, DANN has its limitations:

1. High feature consistency requirement. The
performance of DANN heavily depends on the con-
sistency of features between the source and target
domains. When there are substantial differences in
features between these domains, DANN may strug-
gle to adapt effectively. For instance, Rician fad-
ing in Rician channels combines multipath fading
with a strong LOS component, leading to less severe
signal strength fluctuation compared to Rayleigh
fading, which is purely random and exhibits se-
vere signal fading. These distinctions in signal dis-
tribution between the source and target domains
cause DANN to struggle in effectively handling cross-
scenario problems.

2. Weak interpretability. Due to the complex
nature of neural networks, DANN often yields highly
abstract and nonlinear feature representations. This
poses a challenge in establishing a connection be-
tween these features and interpretable signal char-
acteristics, such as the signal frequency spectrum
and constellation. Moreover, the theoretical aspects
behind signal transmission, channel modeling, and
signal processing can be hard to understand when
applied within the neural network input, thereby
making the decision-making process challenging to
explain.

In this paper, we propose FLANSs, addressing
these limitations of DANN, aiming to reduce the dif-
ference between training and test data. The FA
module uses the stability of the frequency spec-
trum, while the FCA module introduces the con-
cepts of fitting channels and global feature extractor
to strengthen the interpretability of the network.

3.3 FA module

This subsection primarily elucidates the
methodology used for the FA module and the pro-
cess of the FA module. During scenario variations,
differences in diffusion are particularly noticeable in
the time domain. Compared to that, the frequency
domain exhibits stability to some extent. In modula-
tion classification issues, for signals using low-order
phase shift keying (PSK) and most other modulation
formats, majority of high-frequency components are
composed mainly of noise components, which un-
dergo intense fluctuations and do not significantly
affect the recognition of the signal’s modulation for-
mat; i.e., they do not contribute to the task. These
interferences can be eliminated from the signal at the
outset and do not need to be learned by the network.

Furthermore, this portion of noise contains some
channel information due to factors such as the trans-
mission characteristics of the channel, multipath ef-
fects, and the absence of LOS paths.

We introduce the discrete Fourier transform
(DFT) at this point. The equation for a complex
signal x,, is given as follows:

N-1
X, =F(x) = Z @ e 12N (7)
n=0

where F represents the DFT; accordingly, F ™ is the
inverse DFT (IDFT). Additionally, F* and F* are
the amplitude and phase components of the process
F of a complex signal, respectively. The value of k
ranges from 0 to IV — 1, representing different fre-
quency components. Further, we designate a mask
code M, = 1,¢[p«n:, the value of which is zero ex-
cept for the margin region, where L € [0, 1].

Note that L represents a ratio instead of the
number of sample points. For two signals from two
domains x5 ~ Dg, xy ~ Dy, the process of frequency
spectrum mutation can be formalized as follows:

ws%t:Fil([MLOFA(mt)+MLOFA(mS)7FP(mS)])v
(8)
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where ML =1 —ML.

This implies that the high-frequency component
of the source signal’s amplitude, F*(x;), is replaced
with that of the target signal ;. The modified am-
plitude component, along with its unaltered phase
component, undergoes processing through the IDFT
module and is mapped back to the signal x5, whose
modulation format is the same as that of x5 but will
resemble the appearance of a sample from D;. The
process is illustrated in Fig. 2, where the mask code
M, is shown with a length ratio L.

We also introduce a regression network to select
an appropriate value for L in the FA module for
each individual signal. As depicted in Fig. 2, if L
=0, the signal x5_,; remains identical to the original
signal xs. Correspondingly, L =1 represents that
the amplitude of x4 is completely replaced by that
of ;. In Fig. 2, the output of the IDFT module is
attached with target-domain channel characteristics
with L=0.01 which is applied as the initial value for
the FLANS.

3.4 FCA module

In this study, due to the abundance of uncer-
tain interferences in the channel, accurately estimat-
ing the distribution characteristics of the received
signals is challenging. To counter this, we use a
neural network to construct a virtual channel condi-
tion. Alongside this, we implement a global feature
extractor to enhance the network’s interpretability
and minimize the variations in the received signals
simultaneously. Fig. 3 showcases an overview of the

FCA module.

Received data in a wireless communication sys-
tem can be described as shown in Eq. (1). We con-
struct a network as a fitting channel, where H is its
impulse response. The complete channel matrix is
composed of a large-scale fading (LSF) part and a
small-scale fading (SSF) part (Zheng et al., 2021).
LSF consists of path loss (PL), shadowing loss (SL),
blockage loss (BL), and gas absorption loss (AL),
and is presented as follows (Wang XC et al., 2022):

H = [PL-SL-BL- AL]'2H,, 9)

where Hj is the SSF matrix and its element can be

further represented as follows:

hq,p(tv 7)

_ | Kre() 1

1 N
Kgrp(t)+1 2P hgp(t,T),

(t, 1)+ Koe () 71
(10)
where hg (¢, 7) represents the channel response from
the transmitting antenna ¢ to the receiving antenna
p, Krr(t) is the Rician factor, ki ,(t,7) is the LOS
component, and hgp(t, 7) is the non-line-of-sight
(NLOS) component.
sented as follows:

These can be further repre-

R R T
e (t,7) = Fov (% Los(), 9% ros(t))
R Fou (6% Los (), 8% Los (1))
. NI 0
0 —eifios (11)

Fov (9B os®), 94 Los(t))

Fpu (Q%,Los(t)» ¢£,LOS (1)
. ej27rfc7';gs(t)5 (7_ _ T;SS (t)) 7

hgp(t T)

Fyv (6%, (0,65, (1) |
Fq7H ((b%,mn (t)7 (b%,mn (t))

el ()0
i, (£)el?nt oI
Fp,V ((brg‘,mn (t)7 E,mn (t))
Fyt ($,m, (t), 4 ,m,, (1))

A/ Papoma (t)ei2nf07q'p'm” ®)5 (7 = Tgpm, (1)) 5
(12)

where (-)T denotes the transpose operation; FpT(le)lv

and F;;((;I){)H represent the vertical polarization and
horizontal polarization at the Tx (Rx) side, respec-
tively; km, denotes the cross-polarization ratio on
the subpath m within the multipath route n.

Note that the process of a signal passing through
the network is regarded as passage through a unique
type of complex channel. This channel differs from
conventional channels since it is not implemented
through a physical medium. Instead, it is repre-
sented by a mathematical model with more complex
and abstract properties.

The fitting channel serves a similar purpose to

the feature extractor in the DANN architecture. It
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By incorporating a global feature extractor, the interpretability of the network is enhanced. During the
adversarial training process, the received signal is weighted with the extracted global feature to effectively

minimize the differences between the two domains

can be given as follows:

In this context, we consider the input of the fit-

ting channel as the transmission signal and its output

L
y = H(z; W,b) = ReLU(Wz + b), as the re

ReLU(x) = max(0, x). (13)

{

ceived signal.

The received signal is then sent to a global
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feature extractor F, to obtain the overall distribu-
tion characteristics, such as the mean, variance, and
periodic components, of the received signal:

F.(y; M,n) = ReLU(My + n), (14)
where M and n represent the weight matrix and
bias vector of F, respectively. To ensure that the ex-
tracted global feature is complete and contains com-
prehensive information of the received signal, we in-
troduce the reconstructor F;. This component avoids
problems of dimensionality and overfitting by shar-
ing a symmetric structure with the global feature
extractor:

Fi(y; M',n') = ReLU(M'y +n'),  (15)
where M’ and n' represent the weight matrix and
bias vector of F;, respectively. Concerning adversar-
ial TL, it is similar to the domain classifier G4:

Ga(y;u,z) = ReLU(u"y + 2). (16)

This classifier uses a measurement method to
quantify the domain distance and applies an adver-
sarial training method to minimize this distance d:

d= |pS(m;7yS;nS)7pt(mfmyt;nt)|D7 (17>
where |-| p signifies that the domain distance is re-
flected in the discriminator D’s ability to distinguish
domains, ng and ny are the numbers of signals in the
source and target domains respectively, and p repre-
sents the probability distribution. We primarily as-
sume that, through the fitting channel, the received
signals exhibit less domain differentiation compared
to transmission signals.

Upon completion of adversarial training, we
postulate that the received signal primarily contains
modulation information, making it challenging to
determine the signal’s original domain. Therefore,
the received signal is directly inputted into a feed-
forward network to determine the modulation for-
mat. This function is akin to the label predictor Gi:

Gi(y; V,c) = ReLU(Vy + ¢). (18)

With the addition of a global feature extractor,

adversarial training aims to optimize the following

equation:

E(W7 V7 b7 c7 u7 Z? M? n? Ml? n/)

1~ . 1~ .
=— LI(W.,b,V — L:(W,b,M
n; 1( ] 7c>+n; e( ] 7")

1
N LYW, b, M, n’
+TL; r( = 7n)

TR
— — L b
A(ﬂ; d(W7 ,’U,,Z)

N
1 7
+— > Ld(W,b,u,z)>.

i=n+1
(19)

3.5 Loss function

Within each iteration, the parameters of the fit-
ting channel are adjusted using the back propagation
algorithm. The loss function consists of four compo-
nents, as follows:

L=Lc+ Lq+ oL, + 8Ly, (20)

where L. represents the classification loss function,
L4 the domain loss function, L, the reconstruction
loss function, and Ly, the weight loss. Hyperparam-
eters « and [ are used to balance the global fea-
ture discovery and alignment, respectively. Each loss
function’s specific features are detailed in the follow-
ing, with “s” representing the source domain and “t”
the target domain.

The classification loss function L. and the re-
construction loss function L, are designed for the fit-
ting channel network and reconstructor, respectively.
They maintain the ability to distinguish categories
and performance of reconstruction, as follows:

Lc = LcS +Lct = Lcr0ss—entr0py(y57 y;) +Lentropy(yé>a
(21)
where L., and L., represent the losses for source
and target-domain label modulation classification,
respectively. y. represents the classification label of
the source-domain signal’s modulation by the label
discriminator, and ys represents the true label of the
source-domain data. Similarly, y;{ denotes the clas-
sification label of the target-domain signal’s modu-
lation by the label discriminator. Lcross-entropy 1S the
cross-entropy loss between the computed values:

N
Lcross—cntropy(Y7 f(.’l))) = - Z Elogf(xz) (22>

=1



Ma et al. / Front Inform Technol Electron Eng 2025 26(5):816-832 825

Lentropy denotes the computed entropy used as
a loss function:

(23)

Lcntropy (Y -

N
—>_YilogY;.

i=1
Reconstruction loss function L, is given by

Lr - Lrs + Lrt - LMSE(fsvf::) +LMSE(ft7ft/)7 (24>

where L, represents the loss function for the source
domain’s received signal fs inputted to the global
feature extractor and the reconstructed signal f.. L,
is the counterpart of L, in the target domain. Lysg
denotes the mean-squared error (MSE) between fs
and fI:

(25)

3

N
1
Lyse(Y, f(x —= E (Y — f(x))
i=1

The domain loss function Ly, commonly used in
GAN, is as follows:

Lq = Lq_+ La, = Lecg(ds, d})+ Lece(ds, d;), (26)

where Lqg, and Lq, represent the losses when per-
forming domain discrimination on the source- and
target-domain signals, Lpcg(ds, d.)
represents the binary cross-entropy (BCE) loss be-
tween ds and d.:

respectively.

Lgce(Y, f(z))

M
— % Z (Yilog f(x:) + (1 = Y;) log(1 — f(z:))).

(27)
d’. is the domain discriminator’s classification of
the source-domain signal, and ds is the domain la-
bel for the source-domain signal. In this context, “0”
signifies that the signal originates from the source
domain, while “1” means that it comes from the tar-
get domain. Similarly, d| represents the domain dis-
criminator’s classification of the target-domain sig-
nal, and d; is the domain label for that signal. The
domain loss function aims to minimize the domain
label discrimination error.
The weight loss function L., is used to reduce
the distinction between the received signals from dif-
ferent domains, as shown below:

Lw = LMSE(wmwt)? (28)

where wg denotes the average weight of each received
signal for each type of global feature in the source do-
main. Its dimension matches the number of received
signals:

(29)
where W, is the average of the column sums of the
weight matrix W of the extracted global feature and
the received signals:

ES = [mslvmsw "'7wSN]7

w1,1 w12 w1,N
w21 w22 - W2 N

W, = , , . 7 (30)
WN,1 WN,2 WN,N

where N is the number of received signals and global
features. Each row represents the weights of the
received signals concerning each global feature.

w; is the counterpart of wg in the target domain.

4 Experiments

This section first focuses on the selection of our
dataset CSRC2023 and implementation details of
experiments. Then, the proposed method is com-
pared with the baseline approaches across a variety
of SNRs. The performance index for modulation
classification used in this study is accuracy. This
section also showcases the constellations of the se-
lected samples from the transmitter and the receiver

under different channel conditions.
4.1 Dataset and implementation details
4.1.1 Dataset

This study considers two distinct channel envi-
ronments: the Raleigh multipath fading channel and
the Rician multipath fading channel. The primary
difference between these channels is the presence or
absence of LOS. Accordingly, we position the trans-
mitter and the receiver as shown in Fig. 4 to satisfy
these channel conditions.

The collected dataset comprises in-phase and
quadrature (IQ) samples, each of size 1024 x 2, in-
dicating the inclusion of both real and imaginary
components of the signal. The digital signal’s center
frequency is set at 195.1 MHz. We adopt a root-
raised cosine shaping filter with a roll-off coefficient
of 0.35 as the pulse-shaping filter. The sampling fre-
quency and the number of sampling points for each
symbol are 320 kHz and 8, respectively.
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i\( Receiver

ik Receiver * Transmitter

— - = Dissemination path

Fig. 4 Signal acquisition channel environment. The transmitter is placed in the office area, while the receiver
is located in the same area and activity area to establish the LOS and NLOS channels, respectively. In the
planar graph, yellow lines represent potential dissemination paths of the signal. References to color refer to

the online version of this figure

The dataset includes five common signals that
need to be identified, namely, 2PSK, QPSK, 8PSK,
4QAM, and GFSK. These signal symbols are modu-
lated by random bit data generated by the NumPy-
supported random library. We creat a new dataset
using the GNU radio, which provides numerous tools
for creating robust datasets. The signals are modu-
lated and transmitted using USRP B210 software de-
fined radio (SDR). The signals are then sent through
a finite impulse response (FIR) filter, transmitted via
USRP B210, and subsequently received by a second
B210.

Moreover, we introduce additive Gaussian white
noise to the signals at the receiving end. The SNR
ranges from —20 dB to 30 dB in a step of 2 dB. For
the training dataset, we have 80 samples for each
SNR and each modulation method, resulting in a
total of 80 x 26 x 5 = 10 400 samples. The test
dataset is similarly structured, yielding a total of
400 x 26 x 5 = 52000 samples.

4.1.2 Implementation details

This paper proposes an adversarial network
called FLANSs, consisting of two modules: the FA
module and the FCA module.
composed of five components: fitting channel, global
feature extractor, signal reconstructor, adversarial
network, and feed-forward network. The FLANSs
framework is depicted in Figs. 2 and 3. The design
of the fitting channel, which comprises six residual
stacks, draws inspiration from the ResNet model as

The latter one is

proposed by G et al. (2021).

For this study, we create a well-annotated source
dataset Dy, comprising sufficient signal samples X
and the corresponding labels Y;. We also establish a
target dataset D; that has an equal number of signal
samples X; but lacks labels. Given the variations in
channel conditions, it is often impossible to create
well-labeled datasets for all conditions. Therefore,
we treat this as an unsupervised problem. We de-
fine the source dataset as Dy = {x;,y;, SNR;}2,,
where x; represents the raw signal, y; signifies the
modulation label, and SNR; denotes the SNR of each
signal. Likewise, the target dataset is represented as

Dy = {z;, SNR;}’" |, which lacks modulation labels.

Except for the nontransfer method, which uses
TensorFlow, all other evaluated AMC methods are
implemented using PyTorch. For the optimizer, we
choose AdamW with a learning rate of 0.0001. This
rate offers a balance between slow convergence at
lower rates and inaccurate results at higher rates.
The model is trained through 20 000 iterations, and
test is carried out every 200 iterations. Both pro-
cesses use a batch size of 36. The model is trained
and tested on a graphics processing unit (GPU)
server equipped with a single NVIDIA RTX 2070
card. We calculate the classification accuracies un-
der all SNR conditions and use the top-1 accuracy
as the criterion for comparing techniques and tuning
the network.
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4.2 Performance analysis of FLANs
4.2.1 Comparison with state-of-the-art methods

To emphasize the significance of our proposed
method in modulation classification, we compare
it with several representative prior works termed
DANN, DSAN, and SagNets. DANN also uses ad-
versarial training and a residual structure. DSAN
and SagNets are further studies based on the DANN
conducted in recent years. To ensure a fair compar-
ison, we maintain identical training configurations
and datasets for the baseline models and our pro-
posed model FLANS.

Fig. 5 and Table 1 present the comparison
results. The results reveal that FLANs without
(w/o) FA, by extracting the global features of sig-
nals processed through the fitting channel and bal-
ancing the global feature and the received signal,
significantly improves the modulation classification
performance. It surpasses the baseline methods
ResNet ST and DANN in the classification accu-
racy, achieving 30.75 PPs over ResNet ST (deep
residual neural network trained on the source dataset
and tested on the target dataset) and 13.90 PPs over
DANN. Under these conditions, the top-1 accuracy
of FLANs w/o FA reaches 68.06%, outperforming
DANN which achieves 54.15%, and DSAN which
achieves 66.54%. SagNets method performs excel-
lently in low SNRs, but with the addition of our
proposed FA module, the top-1 accuracy of FLANs
jumps to 91.67%, about 23.61 PPs higher than that
of FLANs w/o FA and 5.22 PPs higher than that
of SagNets. ResNet TT is trained on the target
dataset (with labels). The proposed FLANs per-
forms significantly well in high SNRs, and its per-
formance differs from that of ResNet TT by only
8.33 PPs.

Table 1 Comparison of the average and top-1 classi-
fication accuracies between FLANs and the baseline
methods

Method Top-1 accuracy (%) Average accuracy (%)
ResNet ST 37.31 25.56
ResNet TT 100.00 66.24
DANN 54.15 40.29
DSAN 66.54 50.38
SagNets 86.45 65.90
FLANs w/o FA 68.06 44.74
FLANs 91.67 56.76

100 1 —=— ResNet_ST o e 90-0-0 0o 000
--o - ResNet TT ,
90 {1 —— DANN K VRN /A*,*
DSAN Fwm R w0
80 1 - = - SagNets ¥ /‘/ - P e
= FLANs w/o FA u .8 V2
< 70 { —a- FLANs :
>
3
5 60 1
Q
&
= 50 1
Ke]
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Fig. 5 Comparison results of FLANs and baseline
methods

4.2.2 Comparison with transfer channels

For further investigation of the model’s gener-
alization capability in various transfer channel sce-
narios, a strong LOS (SLOS) channel is involved in
this subsection as another target domain. We select
a spacious indoor scene in the process of real signal
collection with a direct line between the transmit-
ter and the receiver with minimal or no obstruction,
allowing for almost undisturbed signal transmission.
The LOS channel data used in Section 4.2.1 are col-
lected from the weak LOS (WLOS) channel in a
crowded indoor scene, with more objects obstruct-
ing the LOS path. In this subsection, we compare
the performance of FLANs and the baselines under
two transfer scenarios: WLOS to NLOS and WLOS
to SLOS.

Fig. 6 presents the comparison results wherein
each transfer scenario includes four models:
ResNet ST, ResNet  TT, DANN, and FLANs. The
blue ones represent transfer scenario 1, which is the
transfer from WLOS to NLOS. The red ones repre-
sent transfer scenario 2, which is the transfer from
WLOS to SLOS (Table 2). Apparently, the differ-
ences between channels in transfer scenario 2 are less
pronounced than those in transfer scenario 1, and
the results also conform to expectations. In trans-
fer scenario 2, due to minor differences, ResNet ST
without transfer achieves an accuracy of 70% when
SNR is >14 dB, far surpassing its performance in
scenario 1 (32%). However, with the introduction
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of the adversarial training method, DANN achieved
about 10 PPs over ResNet ST. It is notable that
both the proposed FLANs and ResNet TT reached
100% accuracy when SNR is >8 dB. Furthermore,
while —2 dB < SNR < 8 dB, the accuracy of the
proposed method exceeds that of the ResNet TT
by up to 14 PPs.

100 { —=— SLOS_ResNet_ST
—e— SLOS_DANN
901 —a— SLOS_FLANs
—%— SLOS_ResNet_TT
- = - NLOS_ResNet_ST
—e= NLOS_DANN
- - NLOS_FLANs
604 —*- NLOS_ResNet_TT

80 1

701

50

40

301

Classification accuracy (%)

20 1

0
-20-16-12 -8 -4 0 4 8
SNR (dB)

12 16 20 24 28

Fig. 6 Comparison of different transfer channels:
WLOS to SLOS and WLOS to NLOS. References to
color refer to the online version of this figure

Table 2 Mapping table for transfer scenarios

No. Transfer scenario Color Label
1 WLOS to NLOS Blue NLOS_model
2 WLOS to SLOS Red SLOS _model

4.2.3 Classification performance by modulation
mode

Fig. 7 illustrates the classification performance
of FLANSs for individual modulation modes. When
SNR was <—2 dB, it only distinguished between
BPSK and GFSK. The GFSK modulation mode,
characterized by its distinct constellation structure,
consistently showed promising results across the ex-
hibited SNR range, maintaining accuracy >80%. As
the SNR increased, other modulation modes also ex-
hibited a steady increase in classification accuracy,
achieving a classification accuracy >80% except for
8PSK at around 14 dB SNR.

We also delve into the details of misclassifica-
tions to determine which modulation format has high

2025 26(5):816-832
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Fig. 7 Time domain plot of each modulation mode
from transmitters, LOS channel, and NLOS channel

classification accuracy. Fig. 8 presents the confusion
matrices for FLANSs across all five classes with vary-
ing SNR. These matrices indicate that the primary
cause of classification error is the confusion between
QPSK, 8PSK, and 4QAM, due to the similar modu-
lation process.

The selected samples and their constellations
from the transmitter and the receiver under different
channel conditions are depicted in Figs. 9 and 10.

4.3 Performance analysis of FA module

In this subsection, we primarily investigate two
parameters of the FA module and their influence
on the cross-scenario issue performance. Following
this, we incorporate the optimal initial value into the
FA module and proceed to analyze its performance
further.

Two factors play a significant role in influenc-
ing the outcome: (1) the position of the exchange in
the frequency spectrum—broadly divided into high-,
medium-, and low-frequency components; (2) the
spectral exchanged length, represented as a ratio L.

The effect of the FA module is shown in
Fig. 11. When high-frequency components are in-
cluded in the exchange, the classification top-1 ac-
curacy of FLANS significantly improves from 67.18%
to 91.38%, a surge of 24.2 PPs. Even when com-
pared to the spectral exchange of combined high- and
low-frequency components, which results in a top-1
accuracy of 87.88%, the high-frequency-only compo-
nent exchange still yields an improvement of 3.5 PPs.
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Fig. 9 Classification results of FLANSs for individual modulation model

Therefore, high-frequency components contain more
channel information, and exchanging them benefits
the network in extracting modulation characteristics
and subsequently improving classification accuracy.

Moreover, the use of the FA module primarily
enhances classification accuracy at low SNRs in con-
trast to conditions without mutation. This result
suggests that the high-frequency signal components
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Fig. 11 Accuracy with position exchanging in the
frequency spectrum

are more susceptible to noise interference and have
a closer relationship with the channel, thereby hold-
ing more channel characteristic information. Con-
sequently, by exchanging the high-frequency compo-
nents of signals from different domains, we imbue
source-domain signals with target channel knowl-
edge, reducing the differences between signals from
both domains.

We further scrutinize the spectral exchanged
length ratio L, adjusting its value to enhance the
learning speed of FLANSs and generalization capabil-
ity. Fig. 12 and Table 3 depict the results of experi-
ments conducted with different L values.

We observe that as the exchanged ratio L de-
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Fig. 12 Accuracy under different values of L with the
variant of SNR

creases L € [0.005,0.100], the recognition accuracy
tends to increase at first. However, at L = 0.010,
the top-1 accuracy declines; at L = 0.008, the av-
erage accuracy decreases. The most obvious lifting
effect is obtained at L = 0.010. Therefore, we sug-
gest L = 0.010 as the appropriate initial value for
the FA module. We also observe that the impact of
length is predominantly apparent at high SNRs.

Last, we evaluate the efficacy of the FA module
in DANN and FLANs (Fig. 13). The results reveal
that the application of the FA module leads to signif-
icant improvements in FLANs when SNR>4 dB. In-
terestingly, the extent of improvement shows signifi-
cant variations. The accuracy of DANN is improved
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Fig. 13 Comparison results of DANN and FLANSs
with or without the FA module

Table 3 Average and top-1 classification accuracy
versus the value of L

L Average accuracy (%) Top-1 accuracy (%)
0.005 66.41 83.58
0.008 67.22 85.07
0.010 66.68 91.32
0.012 64.88 84.64
0.020 61.10 78.83
0.050 52.37 61.90
0.100 52.30 62.95

The best results are in bold

by 8 PPs when 8 dB<SNR<20 dB. However, The
accuracy of FLANs demonstrates a greater extent of
improvement (approximately 25 PPs) in a broader
range of SNR, which indicates that the compatibil-
ity between the FA module and FLANSs is higher.

5 Conclusions

In this paper, we propose a novel TL framework,
FLANSs, for AMC. Our method focuses on signals
that have traversed different channel environments.
By using the FA and FCA modules within FLANs,
we manage to reduce the differences between sig-
nals from two distinct channels, thereby enhancing
the performance of classifying signals from the target
domain. Our experimental analysis underscores the
superior performance of our approach in addressing
the cross-scenario issue. It surpasses existing ad-
versarial training methods in terms of transfer ca-
pability and tolerance of dataset bias. Intriguingly,
our method also increases classification performance

in high SNRs, highlighting its significant application
potential and research value. In our future work, we
plan to expand the set of target modulations and
intensify our focus on high-order AMC.
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