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The development of 5G technology has brought about a new era of Internet of Thing (IoT), and at the same time, electromagnetic
spectrum monitoring and sensing have also ushered in huge challenges. Digital modulation recognition technology is an
important content of electromagnetic spectrum sensing. In the increasingly complex wireless communication transmission
environment, especially in noncooperative communication, it becomes more and more difficult to receive target signals and
accurately extract effective semantic information from diverse modulation signals of the electromagnetic spectrum. At this
stage, with the rapid development of network information and wireless communication technology, within a prescribed
distance, the IoT built by many sensors has attracted wide attention from people in related fields. This paper proposes a
distributed collaborative sensing spectrum semantic recognition architecture for communication signals based on feature
fusion. Perform wireless communication and transmission between multiple sensors to form a self-organizing network to
cooperatively sense signal semantic information, and extract the signal features of each sensor in the distributed network
structure. Finally, the extracted sensor features are semantically analyzed and modeled, and the effective features are fused to
complete the entire perception and recognition process. Even if the channel environment of a small number of receiving nodes
deteriorates in a complex transmission environment, the signal quality features can still be accurately extracted, the
classification and recognition effect like or higher than the best channel state performance can be achieved, and the fault
tolerance of the system can be effectively improved. It can also enhance the performance of spectral semantic information
sensing and recognition in the IoT environment.

1. Introduction

The rapid development of technology in the communication
field has opened a new era of IoT with the emergence of 5G
technology, followed by richer application scenarios and
increasingly complex electromagnetic environments, which
has brought spectrum monitoring management and electro-
magnetic spectrum sensing utilization huge challenge. In the
complex electromagnetic environment where everything is
interconnected, accurate perception of semantic spectrum
information and identification of signal modulation
methods can provide important information for communi-
cation networking, etc., thereby effectively improving spec-
trum utilization efficiency. Typical spectrum semantic

sensing and recognition (SMSR) methods are mainly divided
into traditional likelihood function-based decision-making
[1, 2], feature extraction-based pattern recognition [3, 4],
and other methods, as well as deep learning (DL) methods
that have emerged recently [5]. Traditional methods mainly
extract specific features manually, and the recognition effect
largely depends on manual experience, which leads to poor
recognition performance and fewer recognition types. With
the advent of AlphaGo in 2015, more and more researchers
are focusing on DL. It has achieved good results in classifica-
tion tasks with its outstanding feature extraction capabilities.
O’shea and West [6] built a simulated communication
model through GNU Radio and collected 11 communication
signals, using a Convolutional Neural Network (CNN) to
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extract signal features from In-phase and Quadrature (I/Q)
components. The DL method has no expert-derived fea-
tures, showing a great accuracy improvement over tradi-
tional statistical methods. Wu et al. [7] improved the CNN
and added a Long and Short-Term Memory (LSTM) struc-
ture, which improved the network’s feature extraction ability
for signal timing and increased the signal recognition accu-
racy to 80%. Wu et al. [8] combined the cyclic spectrogram
and constellation diagram and simulated it on the public
dataset. When the signal-to-noise ratio (SNR) is 0 dB, the
accuracy rate reaches 80% and the training time is short-
ened. In the next few years, researchers used more complex
DL architectures [9–13], using extracted feature inputs and
neural network pruning to improve operating efficiency.
With the increasingly complex electromagnetic environment
of signals, DL has gradually become the mainstream algo-
rithm in spectrum semantic sensing (SMS) and modulation
recognition algorithms relying on powerful feature extrac-
tion capabilities and robustness. Although communication
signal modulation recognition technology has gradually
matured and the results have become more abundant [14],
with the rapid development of wireless communication tech-
nology, signal transmission scenarios have become increas-
ingly diversified, and application requirements have
become increasingly updated [15], all of which promote
the improvement of modulation methods. Therefore, modu-
lation recognition technology always needs to be constantly
updated according to changes in application scenarios and
application requirements.

In the actual wireless communication environment, the
single-node SMS technology is easily affected by factors such
as multipath effects, hidden terminals, and path loss and
cannot obtain correct sensing results. At this stage, with
the rapid development of network information and wireless
communication technology, within a prescribed distance,
the IoT built by a large number of nodes has attracted wide
attention from people in related fields, and the number of
network devices and sensors deployed in the physical envi-
ronment is rapidly increasing. The increase also brings new
challenges to the wireless SMS and recognition, and the
research on the distributed network architecture [16] of the
combination of multiple receivers arises at the historic
moment. Distributed multisensor node wireless SMSR tech-
nology can be divided into data layer-based fusion, feature
layer-based fusion, and decision-making layer-based fusion
schemes. Zhang et al. [17] proposed that the automatic mod-
ulation recognition scheme based on multisensor signal
fusion can provide higher reliability than single-sensor sig-
nals. Dulek [18] proposed a classifier based on online and
distributed expectation maximization, which can achieve a
classification and recognition effect similar to the best chan-
nel state performance. Distributed recognition technology is
widely used in optical fiber vibration sensing recognition
[19, 20]; Sun et.al [21] developed an improved deep learning
method based on a serial fusion feature extraction model for
an optical fiber distributed vibration sensing system which
can automatically extract and identify effective features. Dis-
tributed fusion schemes based on the feature layer mostly
use artificial features to achieve [22–24], but in noncoopera-

tive communication scenarios, the received signal is usually
a weak signal, which makes it difficult to obtain accurate fea-
ture expression. Although the fusion scheme based on the
data layer can enhance the received signal strength to a cer-
tain extent, it is often necessary to perform centralized calcu-
lation and processing on the data of each node in the fusion
center, which causes the fusion center to be overloaded. The
distributed recognition architecture based on the decision-
making layer needs to clarify the influence factors of each
node on the final decision. Although the decision result
can improve the recognition performance, it needs to know
the prior information such as the SNR of the signal at the
receiving end of each receiver node. It is not conducive to
signal recognition in noncooperative communication sce-
narios. Therefore, in order to improve the performance of
spectrum semantic perception and recognition in complex
electromagnetic environments such as noncooperative com-
munication scenarios, this study uses the outstanding feature
extraction capabilities of DL methods to propose a distrib-
uted collaborative recognition scheme based on feature
fusion. The main contributions of this study are as follows:

(1) Build a distributed multisensor signal reception
scene, and set up a transmitter and multiple receiver
nodes for signal reception. Model the spectral
semantic information in distributed scenarios, and
simulate the transmission of communication signals
in different state channels through simulation exper-
iments. The specific scene settings are introduced in
the next section. In addition, the method proposed
in this paper can to a certain extent solve the prob-
lem of inability to perform accurate SMSR recogni-
tion modulation recognition in noncooperative
communication confrontation scenarios due to weak
received signals

(2) The use of DL algorithms is to realize the feature
semantic information extraction of multireceiver
node signals, the more accurate feature expression
can be obtained by fusion of multinode features’
semantic information, and the dimensionality reduc-
tion of the fused features is performed through the
classifier to complete the distributed and coordi-
nated communication signal recognition. It can
eliminate the uncertainty of communication signal
recognition caused by poor channel conditions to a
certain extent

2. Materials and Methods

Under the IoT, the rapid development and comprehensive
use of digital communication technology have brought huge
challenges to the task of electromagnetic spectrum sensing.
Recognition of communication signals, as one of the key
technologies for electromagnetic spectrum monitoring, is
of great significance in both military and civilian fields.
However, most of the current researches are limited to a sin-
gle node. Channel conditions and received signal strength
will directly affect recognition performance. A single node
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is affected by environmental changes and has poor fault tol-
erance performance, which leads to its signal recognition
effect; when the channel environment is poor, the effect will
be poor. With the development of wireless sensor networks,
spectral semantic sensing, signal estimation, and recognition
algorithms have received more and more attention. Distrib-
uted deployment of multiple sensors in the monitoring area
forms a wireless communication-based self-organizing net-
work system, which can realize multisensor collaboration
to sense the sensing objects in the detection area and finally
send the collected semantic information to the control cen-
ter for further processing. The use of multinode data fusion,
feature fusion, and other methods can greatly eliminate the
ambiguity of unknown signals. When the channel condi-
tions of a small number of sensor nodes deteriorate, the rec-
ognition probability can still be finally maintained. In this
study, the communication signal features extracted by each
sensor node are fused, and the fused features’ semantic
information is used to identify the signal modulation mode,
to complete the identification process of the entire distrib-
uted algorithm. Figure 1 shows the distributed cooperative
signal sensing and recognition framework based on feature
fusion in this study, which can be divided into three mod-
ules, the distributed signal receiving module, the CLDNN
feature semantic extraction module, and the fusion classifi-
cation and recognition module.

The specific process is shown in Algorithm 1

2.1. Distributed Signal Reception. Through the research and
development of networking information systems and auton-
omous sensing and intelligent information equipment, the
electronic equipment system is developing towards decen-
tralization, networking, and distributed coordination, which
greatly improves the level of electronic warfare. The network
communication system based on the distributed concept is
promoting the development of combat intelligence. The dis-
tributed scenario of this study is shown in Figure 2.

In the distributed scenario built in this paper, there are
one transmitter and multiple receivers. The number of
receivers needs to be determined according to the actual
scene requirements, and different numbers of receivers often
affect the final recognition performance. The transmitting
end signal transmits the communication signal to each
receiving end through different channels. After the signal
features of each receiver are extracted, the features semantic
information of different receivers can be analyzed and fused
in the fusion classification center.

In the signal receiving module, the receiver converts the
received signal into a baseband modulated signal through
digital downconversion and other processing. The signal
model received by each signal in the AWAG channel can
be expressed as

xk nð Þ = hks nð Þ + noise, n = 1, 2,⋯,N: ð1Þ

Among them, sðnÞ is the signal sequence sent by the
transmitter, hk represents the channel coefficient, xkðnÞ is
the signal at the receiving end, and noise is Gaussian white
noise. However, due to the influence of distance and other

factors in actual signal transmission, the signals of different
receiver nodes have different delays and other factors. It
can be further expressed as

xk nð Þ = hks n −Dkð Þ + noise, n = 1, 2,⋯,N , ð2Þ

where Dk represents the channel transmission delay of
the kth receiver. The received signal quality of different
receivers mainly depends on hk and Dk.

For the popular digital receivers on the market, espe-
cially the software radio platform (SDR), the received com-
munication signal is often a baseband I/Q complex
sequence. Therefore, it is very necessary to start with the
baseband I/Q data to perform modulation recognition on
the signal. In this study, a vector is used to represent the
received complex signal sequence with noise, and the signal
model received by the kth receiver can be expressed as

Xk = x 1ð Þ, x 2ð Þ,⋯, x nð Þ½ �, n = 1, 2,⋯,N: ð3Þ

Feature extraction is performed on the received signals
of each receiver node and then sent to the fusion classifica-
tion center for fusion analysis and modeling of feature
semantic information to further complete the recognition.

2.2. Feature Extraction and Analysis. In recent years, DL
methods have stood out among many machine learning
methods by their neural network architecture, algorithms,
and optimization technologies. They have been widely used
in machine vision and speech recognition and have achieved
a series of breakthroughs. DL is a method that effectively
uses a data-driven approach to extract features and accu-
rately identify it. Compared with manual feature design
and extraction, DL algorithms can effectively extract the
shallow features and implicit features of the data, while also
saving time. The natural attributes of big data in the com-
munication field have led scholars to explore the possibility
of applying DL to the communication field, such as the use
of deep neural networks for modulation recognition and
radar waveform recognition. Therefore, this study will also
use the method based on DL for the feature extraction of
the distributed collaborative recognition of communication
signals.

CNN is mostly used in the field of image processing. In
recent years, they have also been widely used in the field of
communication for automatic modulation recognition of
signals. The convolutional layer extracts the local features
of the data through the convolution kernel; the LSTM net-
work is a special recurrent neural network designed to avoid
long-term dependence problems. The difference between the
deep neural network (DNN) and recurrent neural network
(RNN) and CNN is that DNN specifically refers to a fully
connected neuron structure and does not include convolu-
tional units or temporal associations. It can convert the
extracted features into a feature space making the output
easier to classify.

CNN is good at reducing frequency changes, LSTM is
good at time modeling, and DNN is suitable for mapping
features to more separable spaces. Therefore, CNN, LSTM,
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and DNN are complementary in modeling capabilities. Sai-
nath et al. [25] use the complementarity of CNN, LSTM,
and DNN to build a CLDNN network model for speech sig-
nal recognition, which has an improved effect compared to
the three models used alone. There is a natural similarity
between speech signal and communication signal, or it can
be said that speech signal is a kind of communication signal.

In terms of data representation, it is a discrete correlation
sequence in the time domain, but the digital modulation sig-
nal data is included in natural language processing. In addi-
tion to the same information that it carries, the more
important thing is its modulation information. Different
from natural language processing, its modulation informa-
tion is only related to the current symbol and a few adjacent
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Figure 1: Distributed cooperative signal recognition framework based on feature fusion. This framework includes a distributed signal
reception module, a CLDNN feature extraction module, and a feature fusion and classification module.

Multireceiver distributed collaborative identification process
Step 1: Signal reception: the data received by each receiver is a baseband modulated complex sequence of length N, Xk = ½xð1Þ, xð2Þ,
⋯, xðNÞ�;
Step 2: Signal preprocessing: extract the real and imaginary parts of the complex baseband signal sequence as I and Q channels:

Xk = Re ðXkÞ + j ⋅ Im ðXkÞ = Ik +Qk;

Will be stored as a two-dimensional matrix: Xk
IQ =

Re ½xð1Þ,⋯, xðNÞ�
Im ½xð1Þ,⋯, xðNÞ�

 !
;

Step 3: Feature extraction: input the processed data of each node into the feature extraction network for training, map the data to the
high-dimensional feature space, and extract the feature vector after training;
Step 4: Feature fusion: fusion of the feature vectors of different receivers in step 3, dimensionality reduction processing of high-
dimensional features, retaining the main features with differences, removing redundant features, and obtaining the fused feature
vector;
Step 5: Classification output: send the fused feature vector to the classifier for classification and recognition, and output the recogni-
tion result.

Algorithm 1: Multireceiver distributed collaborative identification process.
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Figure 2: Distributed signal transmission. This scene includes one signal transmitter and multiple signal receivers (the number of receivers
can be set according to the actual scene; this figure sets three for illustration). Parameter h represents the transmission parameters in each
channel.
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symbols, not a real-time sequence. With obvious timing fea-
tures, this paper builds a CLDNN network model that is
more suitable for signal modulation recognition based on
[21] for feature extraction. Its structure is shown in Figure 3.

In traditional feature extraction methods, only one chan-
nel of I/Q data is usually used for processing. In order to
fully extract the subtle features’ semantic information of
the received signal, this study converts the received complex
number sequence into I/Q two channels of data:

Xk = Re Xkð Þ + j ⋅ Im Xkð Þ = Ik +Qk, ð4Þ

where Ik is the real part of the complex modulated signal
and Qk is the imaginary part. The I/Q two-way data is stored
as a two-dimensional matrix as the input of the feature
extraction network, that is, Input = ½N × 2�, where N is the

signal length, as shown in

Xk
IQ =

Re x 1ð Þ,⋯, x Nð Þ½ �
Im x 1ð Þ,⋯, x Nð Þ½ �

 !
: ð5Þ

Input the two-dimensional matrix sequence of the digital
modulation signal into the CNN network, and complete the
feature extraction and dimensionality reduction at this stage
after convolution and pooling operations. To adapt to the
features of the input I/Q sequence, this study uses the one-
dimensional convolution kernel commonly used in
sequences to replace the traditional two-dimensional convo-
lution kernel to extract features, as shown in Figure 4, and
the expression of the one-dimensional convolution kernel

CNN CNN Linear
layer LSTM LSTM DNN DNN... ... ...

CNN LSTM DNNInput Output

Max pooling1D

Pool_size=2 
Strides = 2

Conv1d
Conv 1⁎3
strides = 1

ReLu

Units = 20
Return_sequences =

true

Dense 128
Dropout 0.5

ReLu

X
k
IQ Feature

vector

Figure 3: CLDNN feature extraction structure. The network contains 7 CNN layers, two LSTM layers, and two DNN layers.

One-dimensional
conv direction

Width

Length

Batchsize

Figure 4: One-dimensional convolution diagram.

Table 1: LSTM and DNN network parameter settings.

Input: CNN feature (ℝM×512)
Layers Kernel parameters Output shape

LSTM Units = 20 (None, M, 20)

LSTM Units = 20 (None, 20)

Dense+ReLU 128 (None, 128)

Dropout 0.5 (None, 128)

Dense+ReLU 128 (None, 128)

Dropout 0.5 (None, 128)

Output: CLDNN feature (Dimension = 128)

Table 2: Simulation parameter setting.

Dataset parameter setting
Modulation
types

8 classes (BPSK, QPSK,8PSK, 16PSK, 16QAM,
64QAM, 256QAM, PAM4)

Sample rate and
length

100 kHz and 1024

SNR (dB) range -20 : 2 : 18

Training dataset 6400 × 1024 × 2 (6400 instances)

Test dataset 1600 × 1024 × 2 (1600 instances)
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is shown in

yj
l = f 〠

Mj

i=1
ωi,j × xi

l−1 + bj
l

0
@

1
A, j = 1, 2,⋯,N , ð6Þ

where yj
l is the first feature of the layer, ωi,j is the weight

value of the j feature of the i layer, bj
l is the offset of the j fea-

ture in the l layer, N is the number of feature maps in the l
layer,M represents the size of the one-dimensional convolu-
tion kernel, f ð·Þ represents the activation function, and f ð·Þ
=max ð0, ·Þ. In this study, the main features of the modu-
lated signal are extracted by 7 layers of convolution kernels
with a size of 1 × 3. The number of convolution kernels are
64, 128, 128, 256, 256, and 512, respectively.
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Figure 5: Comparison of classification performance of different network models. The experimental results are based on the
RadioML2016.10a dataset.
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To reduce the size of the model and increase the calcula-
tion speed, this study uses a one-dimensional maximum
pooling method with a step size of 2 to downsample the con-
volutional feature map. It should be referred to as

yj
l = f down yj

l−1
� �� �

: ð7Þ

Among them, yj
l and yj

l−1 represent the feature map of
the l and l − 1 layer, respectively, and downð·Þ represents
the downsampling.

After the input data vector N × 2 is convolved and
pooled, the feature space at this time can be expressed as
ℝM×512. The long input information is converted into a
shorter high-level feature sequence as the input of the LSTM

70

80

90

100

40
–60 –40 –20 0

SNR (dB)

20

1 Receiver
3 Receivers fusion

5 Receivers fusion
7 Receivers fusion

40 60

50

60Ac
cu

ra
cy

 (%
)

(a) Recognition results under different SNRs

0

25

75

125

175

BPSK

CLDNN classification accuracy on-4 dB

QPSK

8PSK

16PSK

16QAM

64QAM

256QAM

PAM4

Predicted label

BPSK
QPSK

8P
SK

16
PSK

16
QAM

64
QAM

25
6Q

AM
PA

M4

50

100

150

200

Tr
ue

 la
be

l

(b) 7 receivers cooperatively identify confusion matrix under -4 dB

Figure 6: Feature fusion recognition performance of different numbers of receivers: (a) the accuracy change curve of a single receiver and
different numbers of receivers under cooperative recognition at -14-14 dB and (b) the effect of cooperative recognition by 7 receivers under
-4 dB.
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module, using its features to learn the features of several
adjacent symbols and input into the DNN network module,
and the extracted features are mapped to a feature space that
is easier to separate, and the final feature vector is obtained.
The LSTM and DNN network parameter settings are shown
in Table 1.

2.3. Fusion and Classification. The previous section intro-
duced how to extract the features of the digital modulation
signals of different receiver nodes. In order to make full
use of the semantic information of different receivers in
the communication network and further improve the accu-
racy of signal recognition, next, this section will introduce
how to fuse feature semantics and collaborative identifica-
tion of data from different receiver nodes.

Feature-level fusion refers to a fusion method that is
completed by integrating or combining features from all
nodes. Its purpose is to use the complementarity of each sin-
gle node semantic information to synthesize the extracted
features into a feature that is more discriminative than the
input feature.

This study uses the aforementioned method to complete
the feature extraction of the received data and finally extracts
128-dimensional features for each receiver node’s data as the
feature vector of the signal sequence of the node, and the
resulting fusion feature vector is as follows:

Ffusion = F1 X1
IQ� �

⊕ F2 X2
IQ� �

⊕⋯ ⊕ Fk Xk
IQ� �

: ð8Þ

Among them, Ffusion represents the feature vector after
fusion, the size of each sample is 1 × 128, Fkð·Þ represents
the data feature vector of each receiver obtained using the
feature extraction method in this study, and ⊕ represents
the fusion operation on the feature vector of each node,
and the size of the fused feature vector is 1 × ð128 ∗ kÞ.

After extracting effective feature vectors from single-
node receiver data and analyzing them, perform feature vec-
tor fusion on multinode feature data. The obtained feature
fusion vector can reduce the influence of channel quality
and signal strength on the extracted features and can repre-
sent more modulation information about the signal than the
vector extracted by a single node. But at the same time, mul-
tiple nodes also increase the complexity of problem analysis.
Therefore, it is necessary to process the fusion features, so as
to reduce the feature parameters while retaining the effective
features to the greatest extent and complete the comprehen-
sive analysis of the feature data. In summary, it is necessary
to reanalyze the closely related feature parameters, eliminate
redundant feature quantities, and finally realize the informa-
tion contained in each feature with fewer comprehensive
feature parameters. This study uses the same network model
for feature extraction on different receiver node data, so the
Principal Component Analysis (PCA) algorithm, which is
often used in high-dimensional vector analysis, is used to
process the fused feature data.

Assuming that the number of receiver nodes is k, the fea-
ture of each node has a dimension of m, the data of each
node can be expressed as X1, X2,⋯, Xk, the data feature of

each node can be expressed as Xk = ½x1k, x2k,⋯, xmk,�T ,
and the error in the sample mapping process can be
expressed as

error = 1
k
〠
k

i=1
Xi − Xmap

i�� ��2: ð9Þ

Among them, Xi
map represents the new feature after

mapping, and the dimension remains unchanged. The pro-
cess of PCA is as follows.

(1) Feature normalization

Normalize the training samples to obtain the training
parameters and then normalize the test samples.
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(b) Receiver 3

Figure 9: Continued.
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(c) Receiver 5
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(d) 5 receivers fused

Figure 9: Recognition confusion matrix of different receivers under 0 dB. (a) is the recognition effect of receiver 1, receiver 1 is the
transmission situation with the worst channel condition, (b) is the recognition effect of receiver 3, and (c) is the recognition effect of
receiver 5. Receiver 5 is the best channel transmission situation, and (d) is the effect of collaborative identification by 5 receivers.
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(2) Calculate the covariance matrix of the sample

Cov = 1
k∑m

i=1 Xi� �
· Xi� �T : ð10Þ

Use the singular value decomposition method to calcu-
late the eigenvalues and eigenvectors of the covariance
matrix:

U , S, V½ � = SVD Covð Þ, ð11Þ

wherein U is a dimensionality reduction matrix, which
means that all the eigenvectors corresponding to the covari-
ance matrix correspond to the eigenvalues one-to-one, and
its dimension is m ∗m, and if the first d column of the
matrix is selected, the sample features will be reduced to d
dimensionality.

(3) Dimensionality reduction analysis

All nodes’ data samples can be expressed as X = ½X1, X2

,⋯, Xk�, and the dimensionality reduction feature matrix is
obtained according to the rules shown below:

Z = X ·Ud: ð12Þ

Among them, the dimension of X is k ×m, and the
dimension Ud is m × d; then, the matrix Z dimension after
dimensionality reduction analysis is k × d. The size of the
dimensionality reduction error mainly depends on the selec-
tion of d. The larger the value of d, the more the feature vec-
tors in the representation of U , which can retain the features
of the original features, and the smaller the error, but the
redundant features will also be retained, and the amount of
calculation will also be reduced. To retain the system’s 99%
uncertainty, the determination of the d can refer to

1/k∑k
i=1 Xi − Xmap

i
�� ��2

1/k∑k
i=1 Xi
�� ��2 ≤ 0:01: ð13Þ

Through the above steps, the eigenvalues of the principal
components can be determined, and the new feature space

after dimensionality reduction and the new fusion feature
vector can be obtained.

The feature vector after the dimensionality reduction
process reduces the redundancy of the feature semantics
and retains the main semantic information. At this time,
the feature vector dimension becomes 30. Input the fused
dimensionality reduction feature vector into the classifier
for classification. Then, the modulation method of the cur-
rent sample can be obtained.

In machine learning, the function of the classifier is to
judge the class to which a new observation belongs on the
basis of the labeled training data. In this paper, after extract-
ing the data features of different nodes through the deep
learning model, the classifier can be used to complete the
category judgment of the unknown sample data. Commonly
used classifiers generally include K-nearest neighbors
(KNN), decision tree classifiers, and support vector
machines (SVM). SVM cannot rely on statistical methods,
thus simplifying the usual classification and regression prob-
lems, and can find key samples that are critical to the task, so
this method is used in this paper for the final classification
and recognition.

3. Results and Discussion

3.1. Experimental Dataset. In this section, a number of
experiments are carried out to evaluate the performance of
this model and algorithm. The dataset used in the experi-
ment is generated by simulation, and its parameters are
shown in Table 2. In actual communication scenarios, low-
order modulated signal features are easier to extract, but
high-order modulated signals are usually used in practice.
Recognize modulation modes including confusing modula-
tion mode signals as dataset Φ. Each modulation type under
each SNR includes 1000 instances, 80% of which are selected
as the training set and 20% as the test set.

Φ = BPSK, QPSK, 8PSK, 16PSK, 16QAM, 64QAM, 256QAM, PAM4f g:
ð14Þ

3.2. Experimental Settings

3.2.1. Comparison of Feature Extraction Network Models. All
experiments in this study are carried out in the TensorFlow
framework, and the GPU accelerator used is GeForce RTX
2060. In all simulation experiments, the training model
adopts the adaptive moment estimation optimizer, and the
learning rate is set to 0.0001 to evaluate the training param-
eters. In order to prevent overfitting, this paper adds an early
stop mechanism during the training process. When the loss
function is iterated 30 times and when it is not falling, it can
be considered that the model training is completed and
tested.

To verify the effectiveness of the feature extraction mod-
ule in this study, several different network models are
trained and tested on the RadioML2016.10a dataset. The test
results are shown in Figure 5.

As can be seen from Figure 5(a), on the open-source
dataset RadioML2016.10a dataset, the CLDNN network

Table 3: Parameter settings for the new dataset.

Parameter Dataset 1 Dataset 2

Path delays 0 1e − 4½ � 0 1e − 5½ �
AveragePathGains [1 4] [-3 3]

MaximumDopplerShift (Hz) 20 10

Phase offset (degree) [-90 90] [-90 90]

Frequency offset (Hz) [0 100] [0 100]

Fading model Jakes Jakes

Rician K-factor 3 3

SNR (dB) -20 : 2 : 20 -20 : 2 : 20
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model (CLDNNnet) network exhibits the best recognition
performance. In terms of parameters, it can be seen from
Figure 5(b) that ResNet and CLDNNnet have the least
amount of network parameters, saving computing resources,
and CLDNNnet is better than ResNet in terms of recogni-
tion performance. Therefore, considering comprehensively,
the subsequent experiments in this paper extract different
node features through the CLDNNnet.

3.2.2. Distributed Collaborative Recognition Results and
Analysis. In the actual sensor network, due to the influence
of factors such as the transmission distance and the distribu-
tion location of the monitoring nodes, the signal energy and
quality at each receiving node are different. In the simulation
experiment environment, it is mainly reflected in the differ-
ent SNR of the received signal of each node. Therefore, in
this experiment, each channel is set to be independent, and
the signal quality of different receivers under different chan-
nel state transmission conditions is simulated with different
sizes of Gaussian white noise. The experimental verification
is divided into the following two cases:

(a) Keep the average SNR of each node the same, and
test the recognition effect of feature fusion of differ-
ent numbers of receiver signals

(b) Node 1 represents the node with the worst channel
quality, and its SNR, namely, SNR1 varies from -20
to 12 dB, and the remaining nodes increase by 2 dB

on the basis of node 1, namely, SNR2 = SNR1 + 2,
SNR3 = SNR1 + 4, ….

Figure 6(a) illustrates the recognition performance of
different numbers of receivers under the same average
SNR. It can be seen from the figure that with the increase
in the number of receivers, the recognition effect after fea-
ture fusion is continuously improving. The recognition per-
formance is improved significantly under the low SNRs. In
the case of 7-receiver cooperative recognition, the average
recognition accuracy of the 8 kinds of modulated signals
can reach 81.3% at -4 dB, which is nearly 10% higher than
the single-receiver recognition accuracy. This is conducive
to realize modulation recognition of weak and poor-quality
communication signals in noncooperative communication
scenarios. It can be seen from the confusion matrix in
Figure 6(b) that the recognition error mainly comes from
the confusion of 8PSK and 16PSK, 16QAM, and 64QAM
which have similar features.

Under the setting of experiment (b), the variation curve
of the cooperative recognition accuracy rate of different
numbers of receivers under -20-12 dB is shown in Figure 7.
With the increase in the number of receivers, the accuracy
rate is continuously improving, and the improvement is
obvious when the SNR is low. It can be found from
Figure 8 that in the signal transmission process of different
channels, under the conditions of low SNR or high SNR,
the fusion node identification effect always tends to identify
the receiver node with the highest performance. In a
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distributed sensor network, the fusion recognition of the fea-
tures of different receiver nodes can eliminate the ambiguity
of unknown signals to a great extent. When the condition of
the transmission channel of a small number of signals dete-
riorates, it can still maintain a high recognition probability
in the end.

In Figure 9, receiver 1 is the transmission with the worst
channel conditions. The recognition accuracy rate under
0 dB is only 77.31%. There is serious aliasing between
8PSK and 16PSK and between 16QAM and 64QAM. A good
receiver 3 still has a serious aliasing phenomenon between
16QAM and 64QAM. This is because despite the improved

channel conditions, for signals with similar characteristics,
the model is still unable to accurately discriminate between
confusing samples. In receiver 5, due to good channel condi-
tions and high received signal quality, an average recogni-
tion accuracy rate of 99.3% is achieved at 0 dB. In spite of
the poor channel conditions, the average recognition accu-
racy rate of 0 dB still reaches 99.44% when five receivers
are cooperatively recognized, and there is basically no recog-
nition confusion. The distributed architecture of the sensor
network uses the complementarity of the data features of
each receiver to synthesize the extracted features into a fea-
ture that is more discriminative than the input feature,
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thereby greatly improving the recognition effect in harsh
environments without affecting performance of other
receivers.

3.2.3. Comparison of Different Channel Transmission
Conditions. In actual signal transmission on different chan-
nels, different magnitudes of frequency offset, phase offset,
multipath fading, etc. are often generated. In order to further
explore the identification method of distributed multirecei-
ver node feature fusion in different channel environments,
on the basis of the above dataset, different degrees of fre-
quency offset, phase offset, and multiple fading delays are
added to affect the channel. In order to facilitate compari-
son, experiments are carried out by adding noise of the same
magnitude to each node. The parameters of the further gen-
erated dataset are shown in Table 3.

Datasets 1 and 2 are generated by simulation in Rayleigh
fading channels. By adding different degrees of fading coef-
ficients and delays, the situation of receivers placed at differ-
ent distances from the transmitter is further simulated,
representing the signals at both ends of receivers 1 and 2,
respectively. In addition, two datasets with only frequency
offset or phase offset are set as the channel simulation with
better transmission status, receiver 3 and receiver 4,
respectively.

Although there are a few cases of severe channel deteri-
oration in the distributed system architecture, the recogni-
tion performance has been improved after fusion, and the
result after fusion always tends go to the node with the best
performance. Even compared to the best receiving node,
there is still a certain degree of improvement. As shown in
Figure 10, the recognition performance of receiver 1 and
receiver 2 is very unsatisfactory compared with receivers 3
and 4, but the fusion effect is significantly improved.

The extracted features of different receiver signals are
visualized after dimensionality reduction, and the effect of
feature extraction can be further observed. The effect of data
feature visualization under 8 dB is shown in Figure 11.
Because the transmitter signal is transmitted in a complex
channel environment, it is affected by a variety of factors,
resulting in poor signal quality received by receivers 1 and
2 and difficulty in feature extraction. In Figures 11(a) and
11(b), it can be found that the signal features of the two have
serious aliasing phenomenon, and the clustering effect is
poor. It is difficult to obtain accurate feature expressions,
resulting in poor classification and recognition performance.
When the features of the two nodes are fused, there is still
serious aliasing, and it is difficult to achieve better recogni-
tion results, as shown in Figure 11(c). But when the signal
features of the receiving end with better transmission are
added, as shown in Figure 11(d), there is basically no
aliasing. The signal features of each modulation type can
be clearly distinguished, and the signal features of the
same modulation are strongly aggregated, so that better
recognition results can be achieved. This experiment fur-
ther illustrates that although the distributed collaborative
recognition framework based on feature fusion can
improve the signal recognition performance to a certain
extent, when the signal transmission channels are severely

deteriorated, the recognition performance will not be
greatly improved.

4. Conclusions

Aiming at the problem that it is difficult to accurately extract
signal features and perception signal semantic information
from complex channel transmission in noncooperative com-
munication scenarios, this paper uses the excellent feature
extraction performance of DL algorithms to propose a rec-
ognition architecture for multisensor distributed cooperative
sensing spectrum semantics based on feature fusion. The
distributed wireless sensor network monitors the electro-
magnetic spectrum to realize the semantic information of
wireless communication signals. The simulation experiment
proves that the distributed collaborative sensing and recog-
nition architecture in this paper can solve the problems of
single-node signal transmission, which is difficult to accu-
rately analyze the spectrum semantic information under
complex channel conditions, poor adaptability to the envi-
ronment, and low recognition performance. In particular,
in the confrontation scenario of noncooperative communi-
cation, the algorithm in this paper is more conducive to
the feature extraction of weak signals and realizes spectral
semantic perception and recognition. However, this solution
still cannot guarantee a good recognition effect in a more
complex communication signal transmission environment
with higher recognition accuracy requirements. Since the
datasets in this experiment are all generated under simula-
tion conditions, in order to further verify the effectiveness
of the algorithm, the next research will be applied to the per-
ception recognition of the measured datasets on this basis. In
addition, this paper realizes the fusion scheme based on the
feature layer. How to coordinate the recognition of the data
layer, feature layer, and decision layer without increasing the
data computing load is an important research direction.
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