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Abstract: Traditional automatic modulation classification methods operate under the closed-set as-
sumption, which proves to be impractical in real-world scenarios due to the diverse nature of wireless
technologies and the dynamic characteristics of wireless propagation environments. Open-set envi-
ronments introduce substantial technical challenges, particularly in terms of detection effectiveness
and computational complexity. To address the limitations of modulation classification and recognition
in open-set scenarios, this paper proposes a semi-supervised open-set recognition approach, termed
SOAMC (Semi-Supervised Open-Set Automatic Modulation Classification). The primary objective
of SOAMC is to accurately classify unknown modulation types, even when only a limited subset
of samples is manually labeled. The proposed method consists of three key stages: (1) A signal
recognition pre-training model is constructed using data augmentation and adaptive techniques to
enhance robustness. (2) Feature extraction and embedding are performed via a specialized extraction
network. (3) Label propagation is executed using a graph convolutional neural network (GCN) to
efficiently annotate the unlabeled signal samples. Experimental results demonstrate that SOAMC sig-
nificantly improves classification accuracy, particularly in challenging scenarios with limited amounts
of labeled data and high signal similarity. These findings are critical for the practical identification of

complex and diverse modulation signals in real-world wireless communication systems.

Keywords: semi-supervised learning; automatic modulation classification; open-set recognition

1. Introduction

In modern communication systems, different modulation schemes directly impact
data transmission performance and spectral efficiency. As such, the accurate identification
of modulation modes plays a critical role in signal processing, resource allocation, and
overall system optimization. Automatic modulation classification (AMC) [1-3] represents a
significant technological advancement that enables the automatic detection of the modu-
lation scheme used in a received signal. Widely applied in the field of communications,
AMC technology is instrumental in optimizing system performance, efficiently allocating
resources, and effectively managing the communication spectrum by precisely identifying
modulation schemes.

Despite its advancements, the field of AMC continues to encounter significant chal-
lenges, including signal noise, multipath fading, and frequency offset, all of which con-
tribute to signal degradation. Furthermore, the increasing diversity and complexity of
modulation schemes intensify the difficulty of the classification task. As AMC is inherently a
pattern recognition problem, the integration of artificial intelligence (Al) technologies, such
as intelligent signal processing [4—6], has emerged as a promising solution in electromag-
netic signal processing. With ongoing technological advancements, Al has demonstrated
substantial potential in improving pattern recognition. In particular, deep learning [7,8],
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renowned for its ability to automatically extract complex features and enhance recognition
accuracy, has been extensively adopted in this field.

In the field of deep learning research on signal modulation classification, the collection
of a substantial volume of electromagnetic sample signals is crucial for supervised training.
However, this process typically requires considerable human and material resources. The
acquisition of radio frequency (RF) signals from the environment involves the use of
various spectrum acquisition devices and signal processing techniques to generate visual
representations of signals, such as afterglow plots, waterfall plots, and spectrum maps.
Signal analysis in this context demands experts to carefully examine the time-frequency
characteristics of the signals in order to accurately identify the target signal. This technology
necessitates a high level of expertise and technical proficiency from operators. Nevertheless,
as the volume of radio signals increases or the monitoring period extends, the efficiency
and accuracy of manual analysis significantly decline. To overcome these challenges, semi-
supervised learning [9,10] offers a promising solution in modulation signal recognition by
reducing the dependence on labeled samples. Through the use of semi-supervised learning
algorithms, a large volume of unlabeled modulation signal samples can be leveraged for
model training, even when only a limited number of labeled samples are available. This
approach significantly reduces the need for labeled data and enhances both the efficiency
and accuracy of modulation signal recognition.

With the rapid advancement of communication technology, the need for effective
communication signal recognition has become increasingly urgent. In the domain of
communication signal classification and recognition, deep learning has achieved significant
progress. However, existing methods typically assume that test samples belong to the
known categories present in the training set, an assumption that often does not hold true
in practical applications. As a result, the challenge of open-set recognition (OSR) has
gained considerable attention. The objective of OSR is to develop algorithms capable of
handling unknown category samples, thereby enhancing the robustness and generalization
ability of machine learning systems. Compared to traditional closed-set recognition, OSR
presents greater challenges. In an open-set environment, it is impossible to obtain training
data that encompasses all possible categories in advance, making it difficult to distinguish
unknown category samples from known categories. To address this issue, researchers have
proposed a range of innovative methods and techniques, including anomaly detection
algorithms, generative models, and metric learning approaches. These methods aim to
establish robust decision boundaries that can effectively differentiate between unknown
and known category samples.

In this paper, to accurately detect unknown categories and perform the fine-grained
recognition of multiple unknown categories in AMC, we propose a semi-supervised open-
set recognition algorithm, called SOAMC. We first use labeled signals and a large number of
unlabeled signals to train a pre-trained model. To improve the robustness of the model, we
applied various data augmentation methods, including flipping, rotation, noise addition,
and CutMix. Meanwhile, we designed a self-adaptive thresholding (SAT) adjustment
method to ensure the quality of the pseudo-labels. The SAT does not require manual
threshold-setting; instead, it automatically adjusts the threshold by monitoring the model’s
training process. This allows it to adapt to different data distributions and learning difficul-
ties at various training stages, thereby making better use of the unlabeled samples. We then
propose an open-set feature embedding strategy by treating all newly emerging categories
as incremental categories and fine-tune the pre-trained model using these unlabeled signals,
which can make the classifier possess some supervised information of the newly emerging
categories’ classes. Then, in the testing stage, a few labeled samples of increment classes
and unlabeled samples are connected based on the extracted features by the new classifier
to obtain an undirected distance-based similarity graph, where Euclidean distance is used
to measure the similarity between two nodes. Our proposed method predicts the labels of
unlabeled samples through the label propagation algorithm, which propagates the label
information from the labeled nodes to the unlabeled nodes in the graph.
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In summary, we have made the following three main contributions:

e  We propose a semi-supervised open-set modulation recognition algorithm called
SOAMC, which performs label propagation on a large number of unlabeled samples.
This approach effectively addresses the challenge of automatic modulation classi-
fication and recognition in open environments, relying only on a small number of
labeled samples.

e  We design an adaptive enhancement module that leverages data augmentation and
adaptive modulation techniques to significantly enhance the robustness of the pre-
trained model. Experimental results demonstrate that this module effectively improves
the model’s recognition accuracy, even when only a small number of labeled samples
are available.

e  We propose an open-set feature embedding strategy that effectively utilizes a minimal
number of labeled samples to achieve accurate classification in open-set modula-
tion recognition. The effectiveness of the proposed algorithm is validated through
simulation experiments.

The following introduces the general content of each section of this article. In Section 2,
related works are elaborated upon. In Section 3, we introduce SOAMC, a semi-supervised
open-set modulation recognition algorithm, and describe the proposed method in detail.
The simulation results are presented in Section 4, while Section 5 provides a summary of
the conclusions.

2. Related Works
2.1. Semi-Supervised Learning

Semi-supervised learning (SSL) is a machine learning approach that lies between the
supervised and unsupervised learning paradigms. It leverages a small set of labeled data
alongside a large amount of unlabeled data for pattern recognition [11,12]. The primary
goal of SSL is to overcome the limitations of supervised and unsupervised methods by
enabling the model to autonomously leverage unlabeled samples and improve performance
without external intervention.

A prominent research focus in semi-supervised learning is pseudo-labeling [13]. In [14],
Zou et al. introduced the Confidence-Regularized Self-Training (CRST) method, which
treats pseudo-labels as continuous hidden variables and iteratively refines them through
optimization. The approach employs two regularization techniques. The first, label regu-
larization, enhances the entropy of pseudo-labels during the labeling process, similar to
label smoothing. The second, model regularization (MR), increases the entropy of network
output probabilities during network retraining. The experimental results presented by
the authors confirm the effectiveness of confidence regularization. Specifically, when the
pseudo-label matches the true label, both regularization strategies slightly reduce the prob-
ability of the corresponding class for the pseudo-label. Conversely, when the pseudo-label
does not match the true label, the probability of the corresponding class for the pseudo-label
is significantly reduced.

In [15], Mukherjee et al. introduced the concept of Bayesian inconsistent active learn-
ing for assessing the uncertainty of sample labels. They utilized this uncertainty to choose
pseudo-labeled samples for model retraining, aiming to bolster the reliability of pseudo-
labels and mitigate the influence of noise. Through the incorporation of extra unlabeled
samples, a larger dataset is made available for model training, thereby enhancing gener-
alization performance. Furthermore, by eliminating the noise from unlabeled data, the
model’s robustness and performance can be enhanced. In [16], the FixMatch method was
introduced by Sohn et al. The core concept of FixMatch involves aligning the predictions
of strongly augmented unlabeled data with the pseudo-labels of weakly augmented data
when the model’s confidence in the weakly augmented data is high. This process aims to
improve the model training. FixMatch has demonstrated notable effectiveness in scenarios
with limited amounts of labeled data. Despite the proliferation of research on pseudo-label
learning techniques in recent years and the advancements in semi-supervised learning,
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existing approaches often rely on predefined static thresholds or proprietary threshold ad-
justment strategies. These methods are not universally applicable to diverse signal samples
and neural network architectures, thereby constraining the progress of deep learning in the
domain of modulation recognition.

2.2. Data Augmentation

Data augmentation enhances the robustness of deep neural networks. In [17], Ran-
dAugment was introduced, offering a significant reduction in the search space by discover-
ing a generalizable augmentation strategy across various datasets. This method employs
two interpretable hyperparameters to control the augmentation intensity, tailored to specific
tasks and datasets. The interpretability of these parameters allows for deeper exploration
of the types and roles of augmentations applied to diverse models and datasets. The
efficacy of Rand Augment has been validated, particularly in the context of semi-supervised
image classification tasks. In another investigation [18], the Unsupervised Data Aug-
mentation (UDA) technique was introduced. The algorithm involves initially applying a
back-translation data method, followed by a semi-supervised data augmentation approach
for classification, leading to enhanced classification accuracy. To incorporate unlabeled
data into the classification model, the study utilizes KL (Kullback-Leibler) divergence to
assess the objective function of the unlabeled data.

2.3. Automatic Modulation Classification Utilizing Deep Learning

With the rapid advancement of technology, deep learning [8,19-27] has become a
formidable tool across a wide range of disciplines. Its applications span various sectors,
including education, healthcare [28], wireless communication [29-31], and other domains
of everyday life, encompassing areas such as computer vision [32], speech recognition [33],
natural language processing, and finance. However, the integration of deep learning
technology within the field of wireless communications remains in its early stages.

Significant advancements in image recognition, driven by the development of deep
neural networks, have sparked interest in their application for automatic modulation
classification. O’Shea et al. [34-36] explored the integration of deep learning into radio com-
munication and identification, proposing an automatic modulation classification technique
utilizing convolutional neural networks (CNNs). This method leverages the time-domain
representation of radio signals as input, enabling automatic feature extraction through
convolutional layers, followed by classification via fully connected layers. The training and
testing datasets were generated using GnuRadio, encompassing 11 modulation schemes.
Zhang et al. [37] introduced a novel approach that combines deep CNN and long short-
term memory (LSTM) models, accompanied by a signal preprocessing technique that
integrates in-phase, quadrature, and fourth-order statistical characteristics. This method
led to an 8% performance improvement of the CNN-LSTM models on the test dataset.
Zheng et al. [38] proposed three fusion techniques: voting-based, confidence-based, and
feature-based fusion, demonstrating through simulations that these methods outperform
non-fusion approaches. Additionally, Chen et al. [39] developed a novel attention collabo-
ration framework aimed at enhancing the accuracy of automatic modulation recognition
(AMC) using deep learning. Experiments on the RML2016.10a dataset revealed that the
proposed framework outperforms other deep learning models, including VGG, GoogleNet,
and ResNet.

In general, deep learning-based automatic modulation classification methods have
achieved substantial performance improvements in modulation classification tasks. Unlike
traditional feature-based approaches, deep learning methods automatically learn feature
representations and exhibit superior generalization capabilities. However, these methods
typically require large volumes of labeled data for training, and their design and tuning
demand specialized expertise and experience. Given the challenges in acquiring labeled
data in practice, this paper investigates a semi-supervised signal recognition approach



Electronics 2024, 13, 4196

50f 20

that aims to label a large quantity of unlabeled samples using only a small number of
labeled samples.

3. Method

This section provides an introduction to the semi-supervised open-set modulation
recognition approach, with a detailed description of the specific structure and training
methods of each component of the proposed SOAMC. The adaptive enhancement module
uses modulated signal flipping, rotation, noise addition, and CutMix algorithms for data
enhancement, and incorporates adaptive adjustment of confidence thresholds to improve
the performance of pre-trained modulated signal recognition networks. The open-set
features are embedded in the fine tuning network, which is used to extract features and
feed them into the graph neural network for label propagation. It is capable of refined
classification of unknown samples in cases where there are very few unknown samples by
manual labeling. The structure of SOAMC is shown in Figure 1.

Rotation Flipping Add Noise CutMix |

Pre-training Network Fine-tuning Network

(e}
. o) GCN
Data Augmentaion
Known Category =~ — — — — O — / <>
Dataset . 0 </7
Threshold Adjustment L

Fine-| tunlng Feature

Unknown Category Dataset Labe""gll';'::ample;
Open Set Unknown Category
Known Category Dataset with classe—b Feature Embedding Dataset
Label

Figure 1. The structure of the SOAMC framework. The adaptive enhancement module utilizes data
enhancement and threshold adjustment techniques to pre-train signal feature extraction networks.
Open-set features are embedded in the pre-training network, then features are extracted using the
fine-tuning network, and features are fed into a graph neural network for label propagation.

3.1. Adaptive Enhancement Module

The adaptive augmentation module combines the advantages of data augmentation
and threshold adjustment to improve the performance of the pre-trained network for
modulated signal recognition. The complete module algorithm is provided in Algorithm 1.

3.1.1. Data Augmentation

Data augmentation is a commonly employed technique in deep learning as it enhances
the model’s generalization capabilities and mitigates overfitting. The principal data aug-
mentation techniques utilized in this module include rotation, flipping, Gaussian noise,
and CutMix data augmentation.

The method of data rotation for the original I/Q signal significantly differs from
that in the field of images. In image processing, rotation typically involves the clockwise
or counterclockwise rotation of a two-dimensional image based on intuitive perception.
However, in electromagnetic signal processing, the rotation operation entails mapping
the I/Q data to the complex domain. Subsequently, based on the distribution pattern of
sample points in the complex domain, a clockwise or counterclockwise rotation is executed
around the origin to enhance the rotation effect of the I/Q data in the complex domain.
This complex operation aims to better address the characteristics of electromagnetic sig-
nals, distinguishing it from the rotation method used in image processing. By utilizing
Formula (1), the modulated wireless signal (I, Q) is rotated at different angles around its
origin to derive the enhanced signal sample (I, Q’).

r cos —sinf I
[Q’]:[SinG cos ][Q] @
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Algorithm 1 Adaptive Enhancement Module

Input: Category C, Labeled dataset X, Unlabeled dataset U, SAF loss coefficient w r EMA
attenuation coefficient: k, Main sample x, € X, Auxiliary sample x; € X.
Output: Ls +wy - Ly + wys - Lf + we - leutmin-
1: Random shear region: 7, = W1 -k, r, = HV1 —k.
2: The center point of the shear zone:
ry ~ Unif (0, W), ry, ~ Unif (0, H).
3: Cut areaBcoordinate value:
bx1 = clip(cx — cuty/ /2,0, W),
byl = clip(cy — cuty,//2,0,H),
bx2 = clip(cx + cuty/ /2,0, W),
by2 = clip(cy + cuty/ /2,0, H).
4: The pixel value of the shear region in x; is replaced by the shear region in x,.
5: 1, is the loss value of y,, I, is the loss value of y; lcyniy = la ¥k + 1% (1 — k).
6: Calculate the loss function of label data:
Lo, L = 3 T0y Hyp, pu(ylo(xp))).
7: Update the global threshold:

Ty =kT; 1+ (1— k);%B Zgil max(qy), gp is the abbreviation of py, (y|w(up)).

8: Update local threshold: p; = kp;—1 + (1 — k)yiB Zgzl qp-
9: Calculate the local threshold histogram distribution:
hy = khy_q + (1 — k)HiStHB(qAb).
10: forCi € [1,C] do
11:  Ty(c) = MaxNorm(p¢(c)) - T
12: end for
13: Calculate the unsupervised training loss function:
Ly = 5 Y42, (max(gy) > Ti(argmax(qs))) - H(Gp, Qo) -
14: Calculate the classification probability of unlabeled data:
p =5 Lho (max(qy) > Ti(argmax(qy))Qp).
15: Calculate the p histogram distribution:

h = Hist,g(max(q,) > Ti(argmax(q;))Qp).-
16: Compute adaptive fair regularization penalty:

Lf = —H(SumNorm(%),SumNorm(g)).
17: return Ls + wy - Ly + wy - L + we - leysmin-

Complex domain flipping and complex domain rotation encounter analogous chal-
lenges. In the realm of image processing, the direct application of the flip operation to
electromagnetic signals is impeded due to its inability to alter data within the complex
space. Consequently, to attain the desired flip enhancement effect, it becomes imperative
to initially map the signal’s sample points to the complex space before executing the flip
operation. For a provided modulated wireless signal (I, Q), a horizontal flip is delineated
by interchanging the I value with its opposite. The precise computational procedure is
outlined as follows:

r -1

pum— 7 2

o )-le] ?

The vertical flip operation involves changing the Q value to its opposite, which can be

computed as follows:

r I

= . 3

o) %l ©

By introducing Gaussian noise N (0,0?) to the modulated wireless signal (I, Q), an
improved signal sample (I’, Q') is generated. The detailed computational procedure is
outlined as follows:
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[1/}2[1}+N(002) )
Q Q o

Among these, o2 represents the noise variance. Through the selection of a sufficient
number of distinct o values, Gaussian noise data augmentation has the potential to sub-
stantially increase the size of the dataset.

CutMix is a data augmentation technique utilized to improve the resilience and
generalization capacity of the model. This method generates novel training instances by
blending local regions from different samples. Specifically, CutMix involves extracting
a segment from the original image and randomly incorporating pixel values from other
samples in the training dataset into this region, distributing the classification outcomes
based on a specific ratio. This procedure aids in eliminating irrelevant pixels during
training, thus enhancing training efficiency.

x, and xj, represent distinct training samples, while y, and y; denote their respective
labeled values. In the context of CutMix, the objective is to create a novel training sample
along with its associated labels: ¥ and 7.

F=MOx;+(1-M)Oxy, )]

7= kya+ (1 =K)yp. (6)

M € {0, 1}HXW represents a binary mask used for dropping out parts of a region
and for padding. The symbol ® denotes pixel-by-pixel multiplication. The binary mask
1 consists of all elements being 1. The parameter k follows a Beta distribution similar
to Mixup.

If k follows a Beta distribution with parameters « and «, where « = 1, then k follows a
uniform distribution on the interval (0, 1).

To sample the binary mask, the bounding box of the clipping region B = (rx, 7y, 7w, 1)
is initially sampled. This bounding box is then utilized for the indicative calibration of the
clipping region for the samples x, and x;. The formula for sampling the bounding box of
the clipping region is as follows:

ry ~ Unif(0,W),rp, = WV1—k, (7)
ry ~ Unif(0,H),r, = HV1—k. 8)

3.1.2. Threshold Adjustment

The threshold adjustment comprises two main components: self-adaptive threshold-
ing (SAT) and Self-Adaptive Class Fairness Regularization (SAF). SAT is responsible for
maintaining the quality of pseudo-tags by dynamically modifying the threshold, whereas
SAF promotes diverse predictions by employing Class Fairness Regularization.

Adaptive thresholding can be specifically categorized into adaptive global thresh-
olding and adaptive local thresholding. The global threshold is determined based on the
average confidence of the model in unlabeled data; however, due to the huge amount of
unlabeled data, calculating the confidence for all the unlabeled data at each time step or
training period can be time-consuming. Therefore, the exponential moving average (EMA)
technique is used to approximate the global confidence level, which is calculated as follows:

1
Cr t= 0
T, = § ?
' { kTy—1+(1— k)y% Z;Zil max(q,), other ©)
Here, T denotes the global threshold and f denotes the time step iteration. Specifically,
the variable T is initialized to %, where C denotes the number of categories. Where
X ={(xp,yp) : b€ (1,2,...,B)} represents a labeled dataset, U = {u : b € (1,2,...,uB)}
is an unlabeled dataset. k € (0,1) is the momentum decay of the EMA.
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Adaptive local thresholding computes the expectation of the model’s predictions for
each category ¢ to estimate category-specific learning states. The computational formula is
as follows:

- c/ t=0
c) = _
Pile) { Kpi-1(0) + (1K) 1% au(c),  other

Here, pr = [p¢(1), pr(2), ..., pr(C)] is a list containing all p¢(c).

The final threshold is adaptively adjusted by integrating the global and local thresholds
to obtain the final adaptive threshold T;(c):

(10)

Ti(c) = MaxNorm(p¢(c)) - Ty. (11)

where MaxNorm denotes the maximum normalization, specifically,

;o x
= max(x)’ (12)

Finally, the unsupervised training target L, at the t-th iteration is

uB

L= iy L max(ay) > Targmax() - H(d Qo) (13)

where H(-) represents the cross-entropy loss function.

Because real-world scenarios often do not satisfy the class balance condition, instead
of penalizing the model with the class-averaged prior that has often been used before, the
sliding average EMA from the model prediction #; is used here as the expected predictive
distribution of the estimated unlabeled data. Considering that the distribution of potential
pseudo-labels may be uneven, the fairness objective is moderated in an adaptive manner,
i.e., the expectation of the probability is normalized by the histogram distribution of the
pseudo-labels to counteract the negative effect of imbalance. The formula is calculated
as follows:

uB

p= = Y Imax(gs) > Ti(argmax(4y)) Q. (1)
=

h = Hist,p(I(max(qy) > Ti(arg max(q,))Qp)- (15)

Similar to the calculation of f, the value of h; is determined as follows:

hy = khy_1 + (1 — k)Hist,,g(dp). (16)

The adaptive fair regularization penalty L at step ¢ is defined as follows:

_ Pt 14
Ly = (SumNorm(ht) SumNorm(;_l)). (17)

The training objective of the final model consists of the cross-entropy of labeled data,
the unsupervised training loss function Ly, and the adaptive fair regularization penalty L

3.2. Open-Set Feature Embedding

Open-set feature embedding acquires signals of known classes and a small number of
labeled incremental class signals, intercepting the convolutional structure of the pre-trained
model to fine-tune the new feature extractor. Consider that the feature extractor obtained
by intercepting the pre-trained model on the known class has limited or even no feature
extraction capability for incremental class signals. In order to fully utilize the pre-trained
model on the known and a large number of unlabeled incremental class signals, the feature
extractor is designed in a certain way. A moderate amount of all unlabeled incremental
signals are treated as one class (without differentiation) and allowed to be learned by
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the pre-trained model to obtain rough supervised information about these incremental
classes. Based on this, the newly obtained pre-trained model is fine-tuned to obtain a new
feature extractor.

We employ a deep learning model to automatically acquire and extract the advanced
features of the signal, which holds advantages for the classification of complex modulation
types. The modulated signal typically possesses nonlinearity and noisy interferences. The
multi-layer neural networks in deep learning can capture these intricate patterns and
relationships through their nonlinear activation functions and complex architectures. We
utilized communication signal feature extraction to contribute to the improvement of the
proposed algorithm. A multi-domain communication signal feature extraction module was
adopted to transform a small number of labeled samples in the Fourier transform domain,
Welch domain, and wavelet domain by means of multi-domain transformation without
substantially increasing the data volume, thereby obtaining the domain transform signal
features. The features extracted in this scheme can present the individual differences in
signals in the high-dimensional space and play a certain auxiliary role in signal labeling.
The extracted features are concatenated into one-dimensional feature vectors, and the
similarity map is constructed after concatenation with the feature vectors extracted by
deep learning, and the unlabeled signals are labeled. Compared with the deep learning
feature extraction method alone, this method of integrating the traditional feature extraction
technology has enhanced the accuracy of annotation.

3.3. Graph Neural Network

The goal of graph semi-supervised learning is to process data with a graph structure
where only a small number of nodes are labeled and most of them are unlabeled. The task is
to predict the labels of the unlabeled nodes. Therefore, the graph semi-supervised learning
algorithm is suitable for the case where only a small number of samples are labeled. The
SOAMC method employs graph semi-supervised learning to label the unlabeled samples. A
small number of labeled samples and a large number of unlabeled samples are constructed
as a similarity graph, the nodes represent the samples, and the edges of the graph represent
the degree of similarity between the two samples. Finally, the labeling of unlabeled samples
is achieved using the label propagation algorithm.

Graph Construction: The graph is constructed by connecting the labeled samples and
unlabeled samples to obtain the similarity among nodes. Assuming the very few labeled
samples X; = {(x1,11), (x2,¥2), (x3,¥3), ..., (x1,y;) } and the massive amount of unlabeled
samples X, = {xj41,X142,..., X144}, Wwherey; € sUY; ={1,2,..., M\,M+1,...,K} is
the label of seen classes and incremental classes, | < u, X = X; U X,,. Given X as input,
each signal sample x € X will be represented as a d-dimensional (256-dimensional in
this paper) row vector after feature extraction, x; = (x1,x2,...,%4), i = 1,2,...,1 +u.
Then, according to the row vectors, we construct an undirected distance-based simi-
larity graph G = (V,E,W) where x € X corresponds to a vertex v € V, where V =
{x1,...,x;, %41, ...,%,}. Eis the set of edges and W is an affinity matrix with the corre-
sponding weights for each edge, given by:

2
exp(||xi(rxj||2>, ifi #]

(W)ij =

0, otherwise

where the operator || - |2 calculates the 2-norm of a vector, ¢ > 0 is a hyperparameter to
control the graph.

Label Propagation: After the construction of graph G, the labels will be propagated
through the set of edges E. When the weight of the edge is greater, the label will be easier
to transfer between the two vertexes connected by the edge. Thus, we first establish a
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label matrix Y € {0,1}+")*K based on the dataset X, where K represents the number of
sample classes:

(¥); = {1, FA<i<DA(i=j1<j<K)

0, otherwise

Here, the first [ rows of the label matrix Y represent the label of labeled dataset X[ ,
where each row can be regarded as one-hot code, and the rest of the : rows of the label
matrix Y represent the label of unlabeled dataset X, where each row is a zero vector in the
initial state.

Then, define a propagation matrix P based on the affinity matrix W to describe the
probability of label transition:

P =D Y2wD1/2
where D = diag(dy,da, ..., d;i1y), d; = ;Jjﬁ‘(W)ij,
Last, the iterative equation for label propagation is derived as follows:

diag(e) represents the diagonal matrix.

F(t+1) = aPF(t) + (1 —a)Y

where & € (0,1) is a hyperparameter, « and (1 — «) are used to measure the importance
proportion of the label propagation item and the initialization item in each iteration,
respectively. Note that F should be initialized as Y before iteration, that is, F(0) = Y.
When F is iterated to convergence, it marks the end of the label propagation process.
Meanwhile, the convergent solution of the matrix F is shown as:
F* = lim F(t) = (1 —a)(I —aP)" 'Y

t—o0

According to the converged matrix F* and the following classification rule:

i =arg max (F")..
Yi ngjS\YZI( >1]

and the unlabeled signal sample x71, X712, ..., X1+, in X, can be automatically labeled.

4. Experiment
4.1. Simulation Verification
4.1.1. Simulation Setup

In order to validate the ability of the proposed SOAMC method for signal recognition
identification with a limited number of labeled samples, a simulation dataset is constructed
for testing. The dataset setup is shown in Table 1. QAM and FM are the signals mainly
used for digital modulation and analog modulation, respectively. This configuration aims
to test the robustness of the model in the face of changing signal environments in the real
world. Our goal is to evaluate the performance of the model in handling uncertainty and
new signal types, so treating these common signals as unknown categories can help better
simulate practical application scenarios.

Table 1. Dataset Setup.

Sample Type Modulation Type Number of Data
BPSK, QPSK, 8PSK, 16QAM, 2FSK,
Known Category 4FSK, 8FSK, 4CPM, 4PAM, 16PAM. 30 per SNR
Unknown Category 32QAM, OOK, 8ASK, FM 10 per SNR

4.1.2. Simulation Results

Our proposed semi-supervised open-set identification algorithm, SOAMC, which
relies on only a small amount of manual labeling, is capable of refined classification of
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unknown samples. The experimental results are shown in Figure 2, and the simulation
results show that the recognition rates of the added classes OOK, 8ASK, and FM can reach
99% at 18 dB.

1-

BPSK
0.9 H—&— aPsK
—8— 8PSK
08 16QAM
—O— 2FSK
0.7 H—&—4FsK A
—h— 8FSK
06 L|—+—4cPm |
—d— 4PAM
Q 16PAM
?; 0.5 32QAM
—+— 00K
04 1 _gq gask
—p— FM
03+
02

DR O LD DD XL O DU XD DO
SNR(dB)
Figure 2. Recognition accuracy of SOAMC algorithm in open-set scenarios.

4.2. Comparative Experiment

In order to validate the effectiveness of the proposed SOAMC algorithm, validation
has been carried out using publicly available datasets and homemade datasets, respectively,
and comparative experiments have been conducted with existing methods.

4.2.1. Public Dataset Validation

The validation of this experiment was conducted using the RML2016.10a public
dataset. In their study, Javier Maroto et al. [40] identified the issue of AM-SSB signals being
obscured by AWGN noise, leading to the deliberate exclusion of AM-SSB signals from
the experimental dataset. The dataset comprises ten modulation types, including 8PSK,
AM-DSB, BPSK, CPFSK, QFSK, 4PAM, 16QAM, 64QAM, QPSK, and WBFM, encompassing
a range of 20 signal-to-noise ratios from —20 dB to 18 dB.

The accuracy curves for the fully supervised learning, FlexMatch algorithm [41],
the FixMatch algorithm [16], the FreeMatch algorithm [42], and the SOAMC algorithm
proposed in this study are illustrated in Figure 3. By using semi-supervised learning algo-
rithms, a large number of unlabeled modulation signal samples can be utilized for model
training, even if only a limited number of labeled samples are available. This method
greatly reduces the need for labeled data and improves the efficiency and accuracy of
modulation signal recognition. Figure 3 in the experiment also shows a comparison of
the recognition accuracy between fully supervised learning and semi-supervised learning.
Fully supervised learning is trained using 1000 labeled data in each signal-to-noise ratio of
each class. Although the performance of fully supervised learning is better than that of ex-
isting semi-supervised learning, our proposed method approaches the performance of fully
supervised algorithms by using only a combination of 20 labeled data and 1000 unlabeled
data for each signal-to-noise ratio and class. This result demonstrates the effectiveness
of the adaptive enhancement module and graph semi-supervised algorithm framework
we used. The adaptive enhancement module improves the feature extraction ability of
the model for a small amount of data, and can achieve high-performance modulation
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recognition accuracy with only a small amount of labeled data. This has certain application
value for scenarios with fewer labeling costs and fewer samples in practice.

1 T T T T T T T T T T T T T T T T T T

—*— SOAMC
09 |-=~- FreeMatch | b
—©— FixMatch
0.8 FlexMatch @ el ____.__1
—--O—--Supervised .
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0.3
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SNR (dB)

Figure 3. Accuracy comparison chart of 20 labeled data for each class and SNR.

It can be seen from Figure 3 that the recognition accuracy of the FlexMatch algorithm
and the FixMatch algorithm is low, especially after 0 dB, and the FlexMatch algorithm
and the FixMatch algorithm show a lower recognition rate. The recognition rate of the
FreeMatch algorithm is higher than that of the FlexMatch algorithm and the FixMatch
algorithm. It can be seen that the FreeMatch adaptive threshold adjustment and adaptive
fair regularization multiplication are effective for modulated signal data. The accuracy of
the proposed SOAMC algorithm in low SNR and high SNR is significantly higher than that
of the FreeMatch algorithm, and it is close to the fully supervised algorithm, which shows
the effectiveness of the proposed SOAMC algorithm.

Figure 4a,b depict the recognition accuracy of each modulation mode at various
signal-to-noise ratios. A comparison of the two figures reveals that SOAMC demonstrates
significant enhancements for the challenging modulation types of WBFM and 16QAM.

The analysis of the confusion matrices presented in Figure 5a,b reveals that the model
trained using the FreeMatch algorithm exhibits notably low WBEM recognition accuracy
at 0 dB. Specifically, a significant portion of WBFMs are misclassified as AM-DSBs, while
a majority of 16QAMs are misclassified as 64QAMs. This deficiency in accurately recog-
nizing WBFMs and 16QAMSs primarily contributes to the overall poor performance of the
FreeMatch algorithm at 0 dB. Conversely, the model trained with the SOAMC algorithm
demonstrates substantial enhancements in the recognition accuracy of WBFM and 16QAM
signals at 0 dB. This improvement underscores the efficacy of the optimization scheme
proposed in this study, which in turn validates the superiority of the enhanced algorithm
introduced herein.

The confusion matrix depicted in Figure 5¢,d illustrates that the model trained using
the FreeMatch algorithm did not exhibit any enhancement in the recognition accuracy
of WBFM and 16QAM signals at 8 dB and 0 dB, as shown in Figure 5a,b. Specifically, a
significant portion of WBFM signals were misclassified as AM-DSB, while a considerable
number of 16QAM signals were misidentified as 64QAM. This misclassification of WBFM
and 16QAM signals primarily contributed to the overall poor recognition accuracy of the
FreeMatch algorithm at 10 dB. In contrast, the model trained with the SOAMC algorithm
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demonstrated notable improvements in the recognition accuracy of WBFM and 16QAM
signals at 10 dB. A comparison between Figure 5a,b indicates a substantial increase in the
recognition rate of WBFM signals at 10 dB compared to 0 dB. This observation validates that
the optimization strategy proposed in this study facilitates an enhanced recognition rate at
higher signal-to-noise ratios, aligning more closely with the characteristics of modulated
signal data. Consequently, this study affirms the efficacy of the algorithm proposed herein
for processing modulated signals.

1_
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O 1 1 L 1 1 1 L 1
IR SIS XA O 9 Kk 6 2,000 ,:0»
SNR(dB)
(a
1 -
09+
08+
07} —6— 8PSK
—b— AM-DSB
06 —B— 8PSK
O CPFSK
:.(J 0.59 —&— QFSK
—&— 4PAM
04, —h— 16QAM
—— 640AM
03 —&— QPSK
—p— WBFM
0.2
0.1
d
q

i fl, N ‘x © DO WL XD D
SNR(dB)
(b)

Figure 4. The recognition accuracy of each modulation at each SNR, in which SOAMC has a

performance improvement over FreeMatch. (a) The SOAMC recognition accuracy chart. (b) The
FreeMatch recognition accuracy chart.
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Figure 5. Comparison of results between SOAMC and FreeMatch split on 0 dB and 8 dB on the
confusion matrix. (a) FreeMatch—0 dB. (b) SOAMC—O0 dB. (c) FreeMatch—S8 dB. (d) SOAMC—S8 dB.

Figure 6 illustrates a comparison of the recognition rates between FreeMatch and the
proposed SOAMC algorithm across varying numbers of labeled samples. When faced
with severely limited labeled data, specifically five labeled samples per class per signal-
to-noise ratio, the SOAMC method demonstrates a 2% increase in accuracy compared
to the FreeMatch approach. Moreover, with only 10 and 20 labeled samples per class
per SNR, the SOAMC algorithm exhibits enhanced recognition performance, showcasing
accuracy improvements of 4% and 3% over the FreeMatch method, respectively. These
results unequivocally establish the superior performance of the proposed method over the
FreeMatch technique in scenarios with scarce amounts of labeled data.

4.2.2. Self-Made Dataset Verification

The accuracy curves depicting the recognition performance of the model on the
test set during the training phase of the SOAMC, MixMatch, FreeMatch, FixMatch, and
FlexMatch algorithms introduced in this study are illustrated in Figure 7. The training
dataset utilized in the model training consists of 30 labeled data instances per class per
signal-to-noise ratio, 1000 unlabeled data instances per class per signal-to-noise ratio, and
200 test data instances per class per signal-to-noise ratio, with data distributed across ten
classes. Analysis of Figure 7 reveals that the recognition accuracy curves of the FixMatch
and FlexMatch algorithms exhibit lower accuracy levels compared to other algorithms.
Notably, the SOAMC algorithm consistently outperforms the FreeMatch algorithm across
all signal-to-noise ratios, indicating the efficacy of the proposed approach.
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Figure 6. Comparison of the recognition accuracy of different numbers of labeled data.
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Figure 7. Recognition accuracy curves of the SOAMC, MixMatch, FreeMatch, FixMatch and Flex-
Match algorithms for the test set of the model during training.

We perform a simulation to evaluate the performance of our proposed method under
the Rayleigh fading channel. The simulation assumes the symbol rate is 1 Msps, and
the maximum Doppler shift for the channel path is set to 30. The simulation results are
shown in Figure 8. We can observe that the recognition accuracy of the proposed method
experiences fluctuations under high signal-to-noise ratios, but its accuracy still surpasses
that of the FixMatch and FlexMatch algorithms.
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Figure 8. Recognition accuracy curves of the SOAMC, MixMatch, FreeMatch, FixMatch and Flex-
Match algorithms for the test set under the Rayleigh fading channel.

0

4.3. Complexity Analysis

In our proposed method, the computational complexity mainly comes from the convo-
lutional neural network, whose structure is shown in Table 2. Therefore, we consider using
the number of additions and multiplications to measure the complexity of the network.

In the process of the forward propagation of samples in the network, computational
complexity is generated. We assume the input of each layer is h;, x wj, X w;j,, and the
corresponding output is fyyr X Wour X Wout, then the computational complexity of the
convolutional layer is

Ceonv ~ O(Cin X Hout X Wout X Cout X k)

where k is the size of the convolution kernel, ¢, is the channel of input, and ¢,y is the
channel of output, i.e., the number of convolution kernels. The computational complexity
of the batch normalization layer and the ReLU layer are both

Con ~ O(hin X Win X i)
The computational complexity of the pooling layer is:
Cpooling ~ O(hout X Wout X Coyt X P)

where the is the kernel size of the pooling layer.

The other part of computational complexity arises in the graph construction and label
propagation. We assume that there are three labeled samples corresponding to three incre-
mental classes and one unlabeled sample. Then, the computational complexity includes
3187 multiplications (or divisions), 6184 additions (or subtractions), and 12 exponents,
which is much lower than the amount of these in the forward propagation.

Table 3 gives out the computational complexity of the forward propagation of one
sample in the pre-training model and the compared computational complexity of the
FlexMatch method for testing one sample. It can be seen from Table 3 that the computational
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complexity of our proposed method in the process of forward propagation is lower than
that of the FlexMatch method.

Table 2. Structure of the pre-trained model.

Layers Output Size Configuration
Convolution 1 32x512x1 Conv, 32,15 x 2
Convolution 2 64 x 255 x 1 Conv,64,7 x 1,5 =2

Conv, 64,1 x 1
Residual Block 1 64 x 128 x 1 Conv,64,3x1,5=2
Conv, 64,1 x 1

Residual Block 2 64 x 128 x 1 Conv, 64,3 x 1

Conv, 64,1 x 1
Conv,128,1 x 1

[ Conv, 64,1 x 1 ]

Residual Block 3 128 x 64 x 1 Conv,128,3x 1,5 =2
Conv,128,1 x 1
Conv,128,1 x 1
Residual Block 4 128 x 64 x 1 Conv, 128,3 x 1
Conv,128,1 x 1
Conv,256,1 x 1
Residual Block 5 256 x 32 x 1 Conv,256,3 x1,5=2
Conv,256,1 x 1
Conv,256,1 x 1
Residual Block 6 256 x 32 x 1 Conv, 256,3 x 1
Conv, 256,1 x 1
Pooling Layer 256 x1x1 Global average pool
128 Fully connected layer
Classification 64 Fully connected layer
M Fully connected layer

Table 3. Computational complexity comparison per testing sample.

Metrics Ours FlexMatch

Multiplication and division 38,410,112 44,308,907

Addition and subtraction 38,467,456 44,308,907
Comparator 212,864 258,145

5. Conclusions

This paper presents an in-depth analysis of the current development trends and
challenges in automatic modulation classification technologies, particularly in open-set
scenarios. To address the limitations of existing open-set modulation recognition techniques,
we propose a semi-supervised open-set recognition method, SOAMC. By incorporating
data augmentation and adaptive adjustment techniques in the pre-training phase, the
algorithm enhances its robustness. Furthermore, the designed open-set feature embedding
mechanism refines the classification of unknown samples, even in cases where only a
limited number of samples are manually labeled. Simulation experiments conducted
on both open-source and self-constructed datasets demonstrate the effectiveness of the
proposed SOAMC method, highlighting its potential for practical application in open-set
modulation recognition.

With the rapid advancement of deep learning technologies, the modulation recognition
of communication signals has become increasingly intelligent, fostering the integration of
communication systems and deep learning. This convergence has attracted considerable
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attention and presents new opportunities for further exploration. In light of the research
focus and objectives of this study, several promising areas for future research are identified:

o  This paper presents a novel approach to open-set recognition and semi-supervised
modulation signal classification, aiming to improve the accuracy of classifying known
samples while developing robust rejection mechanisms for samples from unknown
classes. However, the subsequent processing and interpretability of rejected samples
remain underexplored. Future work could benefit from a deeper investigation into
extending open-set recognition tasks by incorporating new class discovery techniques,
which would enhance the system’s ability to manage previously unseen modula-
tion types.

e  Furthermore, while the proposed method demonstrates strong performance when
a small number of unknown category samples are manually labeled, exploring al-
ternative approaches to identify unknown data without relying on manual labeling
is a compelling avenue for future research. This would involve developing fully
automated mechanisms to recognize unknown categories, expanding the applicability
of the method in more dynamic and real-time communication environments.
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