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EXTRACTING SPATIAL-TEMPORAL
FEATURES USING DEEP

LEARNING IN COOPERATIVE
SPECTRUM SENSING
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Abstract

In cognitive radio systems, spectrum sensing (SS) plays a vital role in detecting the
presence of the primary user (PU). In this work, a cooperative spectrum sensing (CSS) model
based on a graph convolution network and bidirectional long short-term memory (GCN-
BiLSTM) is proposed. Specifically, the GCN architecture is applied to extract the relationship
between the secondary users (SUs). Besides, the BiLSTM architecture learns the temporal
correlation of sensing information at SUs. The presence of PU is decided based on spatial-
temporal features, which are combined from the outputs of GCN and BiLSTM. The proposed
model is evaluated in a scenario of a dynamic channel (i.e., fading channel). Experimental
results show that the GCN-BiLSTM model obtains a detection probability (Pd) of 84.5% and
an accuracy of 87.25% at a Signal-to-Noise Ratio (SNR) of -14 dB, demonstrating superior
performance compared to the baseline models.
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1. Introduction

Due to the rapid growth of wireless communication systems, the spectrum resource
demand has become urgent. Besides, available spectrum resources are limited. To solve
the spectrum scarcity, the cognitive radio network (CRN) is proposed as a promising
solution [1], [2]. In CRN, there are two types of users: PU and secondary user (SU).
PU is also known as the licensed user, and they are prioritised accessing the licensed
spectrum. Besides, SU can use the licensed spectrum when PU is not being accessed.
SU needs to ensure that there is no interference with PU. Thus, detecting whether PU
occupies available spectrum bands remains a challenging aspect of CRN.

Over the past decades, many SS algorithms have been proposed. For example, due to
the low complexity, the energy detection method (ED) is applied widely in SS [3], [4].
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However, ED performs poorly at scenarios of low SNR, while cyclostationary detection
overcomes this limitation under strong noise [5], [6]. However, cyclostationary feature-
based detection requires prior information on the PU’s signal and high computational
complexity. If there are only a few samples of the received PU’s signal, the matched
filter method is efficient [7], [8]. This method also needs to know fully the PU’s signal
and the channel.

Due to the powerful ability of machine/deep learning algorithms (ML/DL), many SS
methods have been proposed [9], [10]. For instance, the authors in [11] considered a CSS
approach based on K-means clustering algorithm. Energy vectors from SUs are collected
to classify using K-means algorithm. After training model, the centroid of K clusters is
used to detect the presentation of PU. The studies in [12], [13] are proposed to detect
the presence of PU using LSTM-based models. In these works, the LSTM architecture
exploite the temporal correlation of the received signal. In [14], [15], Convolutional
Neural Network (CNN)-based models are proposed to sense the spectrum in CRN. The
one dimension (1D)-CNN architecture is utilized to learn the energy correlation features
of the PU signal [14]. To improve the performance of SS, the sample covariance matrix
(CM) between received signals at SUs is used as the input of the CNN model in [15].
Note that the two dimensional (2D)-CNN architecture is applied to extract the spatial
correlation between SUs in [15]. To learn the spatial and temporal features of signal
for each single node in CRN, the authors in [16] introduced a CNN- Gated Recurrent
Unit (GRU) model for SS. First, the PU’s signal features are learned at each SU. Then,
the final cooperation result is decided using the features achieved by all PUs.

In this work, a novel CSS model is proposed based on a graph convolution network
and bidirectional long short-term memory architecture (GCN-BiLSTM model). To
improve the performance of SS in the wireless environment with dynamic changes, the
proposed model exploits correlation features of received signals at SUs. In particular,
GCN is known as the network architecture that can discover the relationships of
structural information between entities. Thus, in our work, the GCN is utilized to learn
the spatial correlation between the received signals by SUs. The GCN architecture
also applied to improve the detection performance of CSS in [17]. However, in the
work, they only learn the spatial relationships between SUs using the GCN and ignore
the temporal relationship. Meanwhile, in the proposed model, the BiLSTM is applied
to exploit the temporal features of PU at SUs. To learn both sides of received signals,
the BiLSTM architecture is used instead of the LSTM architecture in this work.

To evaluate the proposed model, experiments are performed in a scenario of dynamic
channel. Results show that our method outperforms the compared models.

The main contribution of this paper can be summarized as follows:

• We propose a novel CSS framework based on GCN and BiLSTM to extract
correlation features of received signals at SUs. In the framework, the spatial
correlation between signals at other SUs is extracted using GCN. Besides, the
temporal correlation of the received signals is learned using BiLSTM. The
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achieved spatial-temporal features are combined to detect the presence of PU.
• The dynamic channel condition between PU and SUs is studied in our work (i.e.,

the fading channel model). Besides, we evaluate the effect of the SU number on
the CSS performance. Results show that the proposed model achieves 84.5% in
terms of Pd at a low SNR of -14 dB.

The work is organized as follows. First, Section 2 presents the problem formulation.
Then, the methodology is shown in Section 3. Experimental results are depicted in
Section 4. Finally, a conclusion is given in Section 5.

2. Problem formulation

In this work, a general scenario of CRN, which contains one PU, M SUs and one
fusion center (FC), is considered. In CSS, SUs first sense the transmitted signal from the
PU. Then, SUs upload their sensing information to FC through the reporting channel.
Finally, the PU’s presence is decided at FC. Note that the reporting channel is assumed
to be perfect in this work. Besides, CRN is considered in the scenario of dynamic
changes in a wireless environment (i.e., the channel can be affected by fading).

At SU, the received signal from PU can be written as

ym(n) =

{
hm(n)x(n) + ηm(n), H1

ηm(n), H0

(1)

here, ym(n) is nth received signal sample during a sensing period at mth SU, and
n = 1, 2, 3, ...N ; N is the total number of received signal samples at each SU in a
sensing period; x(n) is transmitted signal from PU, and ηm(n) is additive Gaussian
noise which has a zero mean and a variance of σ2; hm(n) is the channel gain; two
hypotheses are considered in the SS problem: H1 represents the presence of PU on the
channel and H0 indicates the absence of PU.

To solve the SS problem, we proposed a novel deep learning model based on GCN
and BiLSTM. First, sensing data from all SUs at the FC is preprocessed. Then, the
model is trained using the preprocessed data. Finally, the presence of PU is checked.

3. Methodology

3.1. Proposed framework

In this subsection, a novel CSS framework is introduced in Figure 1. In particular,
the received signals at SUs are first pre-processed to obtain the energy vectors. Then,
a feature matrix and a graph are built using the energy vectors, which are fed into
GCN and BiLSTM to extract signal features. In particular, GCN learns the high-level
relationship between received signals from other SUs. Besides, Bi-LSTM architecture
extracts the temporal relationship of received signals in a sensing period. Finally, the
extracted features are combined to make the final decision about the presence of PU.
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Fig. 1. Introducing a novel CSS framework based on GCN and BiLSTM.

3.2. Pre-processing data

Before feeding the model, received signals at SUs need to be preprocessed. In this
work, the energy level of received signals at SUs is used to extract correlation features.

In particular, during a sensing duration, the received signal strength (RSS) at each
SU is accumulated as follows:

xm =
1

N

N∑
n=1

|ym(n)|2 , (2)

where xm is accumulated RSS of received signal ym during a sensing period at mth
SU; RSS values at SUs are used to build the feature matrix and the graph as inputs of
the model.

3.3. Learning correlation feature of SUs using GCN

This subsection first presents the fundamental of GCN. Then, the construction of the
feature matrix and the graph from RSS values is introduced. Finally, learning spatial
correlation features from received signals at other SUs using GCN layers are discussed.

The GCN architecture is proposed to learn high-level relationships of graph-structured
data [18]. An undirected graph is defined as G = (V,A,E), where V is a set of nodes
or vertices of the graph; A is defined as an adjacency matrix, which represents the
relationship between nodes in the graph; E denotes a set of edges in the graph.

From RSS values at SUs, a feature matrix X of dimension MXD is built as

X =


x11 x12 x13 · · · · · · x1D

x21 x22 x23 · · · · · · x2D
...

...
... · · · · · · ...

xM1 xM2 xM3 · · · · · · xMD

 (3)

where X ∈ RM×D; D is feature dimension of each node, and D = 1 in this work.
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If there is an edge between nodes vi and vj , the correlation weight between them is
determined as the element A(i, j) of matrix A. Here A(i, j) can be determined from
the radial basis function:

A(i, j) = exp

(
−∥xi − xj∥2

ρ2

)
, (4)

where xi and xj are feature vectors of nodes vi and vj , respectively; ρ controls the width
of the radial basis function.

The GCN architecture is known as an extension of CNN for extracting spatial features
of the graph-structured data. In this work, the GCN is used to capture the complex
correlations between received signals from other SUs. A multi-layer GCN is defined as
follows [19]:

X l+1 = σ
(
D̃−1/2ÃD̃−1/2X lW l

)
, (5)

here, D̃ is a degree matrix, and D̃ii =
∑

j Ãij; Ã = A + IN is the adjacency matrix
with added self-loops; X l and W l are matrices of input and trainable weights at the lth

layer, respectively; X l+1 is the output of GCN at the lth layer. Note that X0 = X . As
increasing the number of GCN layers reduces information transmission efficiency [20],
we adopt two GCN layers.

3.4. Learning temporal correlation using BiLSTM

The architecture of BiLSTM is used efficiently for extracting correlation features of
sequences in the time domain. With the learning ability from two sides of the input
sequences, BiLSTM can perform better than LSTM. In particular, BiLSTM contains
two layers of transmission information following the reversed directions: the forward
and backward layers. In the former, information on the input sequence is transmitted
from left to right. In contrast, the latter gets the input from right to left of the sequence.

In this work, BiLSTM is applied to capture the temporal correlation of received
signals at SUs in a sensing period. The correlation also represents the activity pattern
of PU. The feature vector, which contains energy information of received signals from
all SUs in each sensing period, is fed into BiLSTM. Since dimension of energy vector
at each SU in a sensing duration is one (i.e., D = 1 ), the energy vector is first projected
into a higher space through the dense layer. Then, the projected energy vector is used
as input of the BiLSTM layer for extracting the temporal correlation.

The spatial-temporal correlation features of SUs extracted from GCN and BiLSTM
are combined using a concatenate layer. The output of the concatenate layer is a
representation of the received signals at SUs, which captures the spatial-temporal
informational features of signals. The signal representation is used to detect the
presence of PU through a fully connected layer and a softmax function.
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3.5. Sensing the presence of PU

To decide the presence of PU on the channel, the output of the softmax function is
used. In particular, a detection threshold is determined. The decision about the state of
PU as follows:

Pr[PU|H1]

H0

≶
H1

γ (6)

here, Pr[PU|H1] is the presence probability of PU, which is obtained from the output of
the trained model.

The detection threshold γ is a crucial parameter in the CSS problem. If the value of
γ is low, the model can detect noise as the PU signal, leading to a high false alarm
probability (Pf ). This means that the channel is idle, while the model shows that the
channel is occupied by PU. In this case, the spectrum holes may not be detected and the
spectrum utilization efficiency is decreased. In contrast, a high value of γ can make the
model fail to detect the weak PU signal, causing interference to the PU. This means that
the PU is active while the model can not detect it. Thus, the SU occupies the channel
and interferes with the PU. The missed detection is direr than the false alarm problem.
In other words, avoiding interference for PU is a higher priority. Thus, the model tends
to improve the correct detection probability (Pd) (i.e., decreasing the missed detection
probability) at an accepted value of Pf . From this point, the detection threshold γ is
chosen following the predefined value of Pf .

Table 1 depicts the value of the threshold γ when changing the Pf . The result is
obtained when evaluating the proposed model at SNR of -14 dB.

Table 1. The value of the detection threshold γ when changing Pf

Pf 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
γ 0.917 0.681 0.557 0.472 0.397 0.329 0.275 0.224 0.171 0.117 0.030

From Table 1, the value of γ is low when Pf is high and otherwise. The results are
suitable for the above statement about the relationship between γ and Pf .

4. Experimental results

This section evaluates the proposed framework on generated data, comparing its
performance with five baseline models: Kmeans [11], CNN [14], CNN-GRU [16],
CM-CNN [15] and GCN [17] models.

4.1. Dataset preparation

Due to the lack of public datasets in the considered scenarios, data for evaluating
the existing models have been simulated [11], [14], [17]. In this work, the detailed
description of generating dataset is presented as follows. First, the channel between PU
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and SUs is assumed to follow a Rayleigh fading model. This means that the probability
density function of the channel gain follows the Rayleigh distribution, as given in (7),

f(h) =
h

σ2
exp

(
− h2

2σ2

)
, h ≥ 0 (7)

where the channel gain h is the envelope of Gaussian random variables with zero
mean and variance be σ. Note that the channel coherent time can be assumed to be
longer than the sensing period. Therefore, the channel gain remains constant during
the sensing duration. Besides, the severity of fading channel can be controlled by the
scale parameter σ in (7). Larger σ values indicate more severe fading; in this work, σ
is randomly selected from [0.25, 0.5]. From the probability density function in (7), the
channel gain between PU and SUs is generated to simulate the sensing signals in (1).

Next, the transmitted signal x(n) from the PU is assumed to use BPSK modulation.
The number of signal samples during each sensing period is set to 512 (i.e., N = 512).
The transmitted signal power is assumed to be 1 W. The SNR of the received signal
varies between -20 dB and -8 dB. The transmitted signal and noise vectors are generated
based on these assumptions.

Finally, the received signal at the SUs is generated using (1). In this experiment, the
number of SUs is set to 20 (i.e., M = 20). The dimension of the collected signal at FC
is (20× 512). Note that the channel between SUs and FC is assumed to be perfect.

The received signal vectors are processed to train the model. In particular, the RSS
of SUs in each sensing period is determined using (2). The feature matrix X and the
adjacent matrix A are determined using (3) and (4), respectively. The dimension of the
matrices X and A is 20×1 and 20×20, respectively. These matrices are used as inputs
to train the model.

The model is trained and validated using 20,000 and 4,000 data samples, respectively.
The test dataset has 2,000 samples. To evaluate exactly the model, the number of received
signal samples in two hypothesizes and is the same in each dataset.

4.2. Results

Experiments are implemented in Python 3.9.5, using the Spektral library to design
the graph convolutional network and Tensorflow 2.10.1 to build and train the model.
The proposed model is trained at a learning rate of 0.0005, with a batch size of 128
and an epoch number of 100. Table 2 shows a list of parameters used for training the
GCN-BiLSTM model.

Figures 2, 3 and 4 depict the CSS performance of the GCN-BiLSTM model compared
with other models.

In Figure 2, Pd of the CSS models is evaluated versus Pf at an SNR of -14 dB.
Note that when the number of false alarms (i.e., according to Pf ) is large, the
detection threshold γ in (6) is small (Table 1). In other words, a test PU signal is
detected easily. Thus, all models achieve higher value of Pd when increasing Pf . ROC
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Table 2. Parameters of proposed model

Parameter Value

No. of units in Conv layer of GCN1 64
No. of units in Conv layer of GCN2 128
Hidden nodes per BiLSTM layer 32
Dense1 32
Dense2 2

Fig. 2. Receiver Operating Characteristic (ROC) curver at SNR=-14 dB.

curves (i.e., Pd versus Pf ) also show that the proposed model (i.e., GCN-BiLSTM
model) performs better than all compared models. For example, the GCN-BiLSTM
model outperforms over the GCN model (i.e., the best baseline model) about 5% and
K-means (i.e., the model achieved the lowest performance) about 30% at Pf = 0.2.
This can be explained that the proposed model extracts both the spatial and temporal
correlations using the GCN and the BiLSTM, respectively. Meanwhile, the GCN
model only learns the spatial correlations and ignores the temporal relationship in the
received signals, so the performance of the GCN is less than the GCN-BiLSTM.

However, the ROC of the GCN is better than of the remaining models. This shows
that GCN is more efficient than CNN in extracting spatial correlations between SUs.
Note that although the CNN-GRU learns both spatial-temporal relationships of received
signals, the performance is still less than GCN and CM-CNN. A possible reason is
given that in the CNN-GRU, the architecture 1D-CNN is used to learn local features of
each SU before combing them from all SUs. They do not learn directly the relationship
between SUs from sensing signals. In other words, the spatial features in this model are
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just discovered at level of single SU. In contrast, the spatial correlations are extracted
directly from all SUs in the GCN and CM-CNN models. In particular, the GCN model
learns the spatial features from the graph-structured input built from all received signals
of SUs. In the CM-CNN model, the architecture 2D-CNN learns the spatial features
using CM (i.e., the CM between SUs’ signals). The efficiency of extracting the features
directly from SUs shows that the GCN and 2D-CNN are better than 1D-CNN, which
is applied in CNN and CNN-GRU baselines.

Furthermore, in the proposed model, the BiLSTM is better than GRU in extracting
the temporal correlation. Therefore, the relationships of SUs in the proposed model are
learned much more efficiently compared with CNN-GRU model. Besides, Figure 2 also
depicts that all DL models are much better than the traditional ML model (i.e., the
K-means model). This can be explained that the DL models is more efficient than the
traditional ML in extracting features of the received signals.

Fig. 3. Pd versus SNR at Pf = 0.1.

In Figure 3, Pd is evaluated versus SNR. In the experiment, the value of Pf is chosen
at 0.1, following the IEEE 802.22 standard. The SNR ranges from -20 dB to -8 dB.
Similar to the ROC curve, the Pd versus SNR of the proposed model outperforms the all
compared models. Specifically, the GCN-BiLSTM model performs significantly better
than other baselines at low SNRs (e.g., higher than K-means model about 5% and 20%
at -20 dB and -18 dB, respectively).

Figure 4 shows that the proposed model outperforms the baselines in accuracy across
SNRs. Besides, Figures 3 and 4 shows that at the high SNRs (i.e., -10 dB and -8 dB),
all DL models obtain similar performance and approximate to the maximum values.
This can be explained that when the SNR is high, the signal is much stronger compared
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Fig. 4. Accuracy versus SNR at Pf = 0.1.

to the noise. Thus, the models are easier to detect the signal of PU from the noise. As a
results, the simple models (i.e., CNN, CNN-GRU models) also achieve high performance
at these SNRs. With the K-means model (i.e., the model with the lowest performance),
the Pd and accuracy also approximate the maximum values and are equal to those of
the DL models when SNR equals -8 dB.

The effect of number of SUs on the proposed model’s performance is illustrated
in Figures 5, 6 and 7. In these experiments, the GCN-BiLSTM model is evaluated at
different values of SUs (i.e., 5, 10, 15 and 20). We can observe that when the number
of SUs increases, the CSS performance of the proposed model is better. For example,
in Figure 6, the Pd obtains 26%, 39%, 48.5% and 55.3% according to the number of
SUs at 5, 10, 15 and 20, respectively, at SNR = -18 dB. This can be because when the
number of SUs increases, the spatial diversity gain increases and more information about
PU is used for training model. Thus, the model decides more precisely the presence of
PU. Besides, Figures 6 and 7 also show that the detection performance of the proposed
model is improved significantly at the high SNRs when SUs increases. For example,
considering the number of SUs at two values of 5 and 20 in Figure 6, the Pd increases
only about 3% at SNR = -20 dB while this metric is improved by about 30% at
SNR = -14 dB.
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Fig. 5. ROC curve at different Num_SUs.

Fig. 6. Pd versus SNR at different Num_SUs.

However, when the number of SUs increases, the model becomes more complex and
requires longer training time. Table 3 shows that when the number of SUs increases
from 5 to 20, the parameter number of the model rises than 1.5 times (i.e., 7,874
parameters at M = 5 and 11,714 parameters at M = 20). Besides, in this work, the
model is trained using a computer with Intel(R) Core(TM) i7-14700K and NVIDIA

37



Section on Information and Communication Technology - Vol. 14, No. 01, June-2025

Fig. 7. Accuracy versur SNR at different Num_SUs.

Table 3. Statistic list of the proposed model when increasing the number of SUs

Num_SUs Training time (seconds) Total params

5 32.06 7,874
10 32.36 9,154
15 32.55 10,934
20 32.65 11,714

GeForce RTX 4060 Ti graphics cards. According to this hardware configuration, the
training time increases by about 0.6 seconds when the number of SUs changes from 5
to 20. However, if the computer with the hardware configuration is limited, the training
time can be much longer, evenly it is difficult to train model.

In this work, Table 4 presents the model complexity and training time. In all
experiments, the number of SUs is fixed at 20. During training, the same
hyperparameters (epoch, batch size, learning rate) are applied to ensure fair
comparison among models. Table 4 shows that the GCN-BiLSTM model has less
complexity than the CNN and CNN-GRU models. Since the CNN and CNN-GRU
models extract local features for each SU, the models need more layers of CNN and
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Table 4. Statistic list of the models

Method Training time (seconds) Total params

GCN-BiLSTM 32.65 11,714
GCN 15.86 6,850
CM-CNN 23.89 6,916
CNN 196.37 334,666
CNN-GRU 9395.57 366,666

GRU when the number of SUs increases. In contrast, the number of GCN and
BiLSTM layers of the proposed model does not depend on the number of SUs.
Besides, the training time of the proposed model is also much less than that of the
CNN and CNN-GRU models. With GCN and CM-CNN models, they only extract the
spatial features and ignore the temporal information, so the models are simpler than
the GCN-BiLSTM model (i.e., the parameter number is 6,850, 6,916 and 11,714
according to the GCN, CM-CNN and GCN-BiLSTM models, respectively). However,
to improve the detection performance of PU, with the training time only 32.65
seconds, the proposed model is a potential choice in solving CSS problem.

In this work, the proposed model is designed for the CSS problem with one PU.
Therefore, the model is unsuitable for detecting spectrum holes in the real scenario with
multiple PUs. Besides, a computer with high hardware configuration can be required
to train the model and perform the PU detection, especially with the large number of
SUs. Furthermore, this work only evaluates the proposed model in the fading channel
environment. In the future, the authors plan to design the model for the CSS problem
with multiple PUs and evaluate the model in more complex channel environments.

5. Conclusion

In the paper, a model for CSS based on GCN and BiLSTM was proposed. The GCN
architecture was applied to extract spatial relationships between SUs. Besides, BiLSTM
architecture, which can learn features from both sides of input sequences, was used
to capture the temporal correlation of sensing signals at SUs. The extracted spatial-
temporal features from GCN and BiLSTM were combined to decide the presence of
PU. The proposed model was training using sensing signals at SUs, transmitted from
PU over a fading channel. Besides, the effect of the SU number in CRN on the CSS
performance was evaluated in this work. The results showed that our model performed
better than CNN and CNN-GRU models.
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TÁCH CÁC ĐẶC ĐIỂM KHÔNG GIAN-THỜI GIAN
SỬ DỤNG HỌC SÂU TRONG CẢM BIẾN PHỔ HỢP TÁC

Đới Thị Lan
Tóm tắt

Trong các hệ thống vô tuyến nhận thức, cảm biến phổ đóng vai trò quan trọng trong việc
phát hiện sự có mặt của người dùng sơ cấp (PU). Trong công trình này, một mô hình cảm
biến phổ hợp tác (CSS) dựa trên các kiến trúc GCN và BiLSTM (GCN-BiLSTM) được đề
xuất. Cụ thể, kiến trúc GCN được áp dụng để trích xuất mối quan hệ giữa những người dùng
thứ cấp (SUs). Bên cạnh đó, kiến trúc BiLSTM học mối tương quan thời gian của thông tin
cảm biến tại các SUs. Sự hiện diện của PU được quyết định dựa trên các đặc điểm không
gian-thời gian, được kết hợp từ đầu ra của các mạng GCN và BiLSTM. Mô hình đề xuất
được đánh giá trong một kịch bản kênh truyền động (tức là kênh truyền fading). Kết quả thử
nghiệm cho thấy mô hình GCN-BiLSTM có chất lượng cảm biến phổ hợp tác tốt hơn so với
các mô hình CNN và CNN-GRU.

Từ khóa

Mạng vô tuyến nhận thức; cảm biến phổ hợp tác; GCN; BiLSTM.
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