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Abstract: Signal-to-noise ratio (SNR) fluctuations significantly affect spectrum sensing performance in wireless
communications. Traditional convolutional neural network (CNN) exhibits limited feature extraction capabilities
and inefficient feature utilization at low SNR levels, leading to suboptimal spectrum sensing performance. This
paper proposes a spectrum sensing method based on a multi-scale feature fusion network (MSFFNet) to address this
issue. First, the proposed method employs a multi-scale feature extraction block (MSFEB) to capture multi-scale
information from the input data comprehensively. Next, an adaptive feature screening strategy (AFSS) highlights
key features while suppressing redundant information. Finally, a multi-level feature fusion mechanism (MLFFM)
optimizes and integrates features across scales and levels, enhancing spectrum sensing performance. Simulation
results demonstrate that compared to other methods, the proposed approach achieves superior performance in low-
SNR communication scenarios. At an SNR of −14 dB, the detection probability Pd reaches 0.936, while the false
alarm probability Pfa is only 0.1. Furthermore, this paper constructs a multi-level mixed-SNR dataset to simulate
real communication environments and enhance the robustness of spectrum sensing.
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1 Introduction

With the rapid advancement of wireless com-
munication technology, the demand for spectrum re-
sources continues to increase. However, fixed spec-
trum allocation results in low utilization and ex-
acerbates the spectrum shortage issue. Spectrum
sensing, a core cognitive radio (CR) technology, dy-
namically monitors the wireless environment and
detects idle frequency bands, enhancing spectrum
utilization and mitigating resource shortages. How-
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ever, improving the accuracy and robustness of spec-
trum sensing in low signal-to-noise ratio (SNR) and
complex wireless environments remains a critical
challenge.

Currently, spectrum sensing research is primar-
ily divided into two categories: model-driven tra-
ditional methods and data-driven intelligent meth-
ods. Traditional spectrum sensing techniques in-
clude energy detection (Urkowitz, 1967), eigenvalue-
based detection (Zeng and Liang, 2009), and cyclo-
stationary detection (Sutton et al., 2008). These
methods are susceptible to noise, leading to a sig-
nificant decline in detection performance under low-
SNR conditions. Moreover, they depend on prior
information and struggle to adapt to dynamic wire-
less environments.

Compared with traditional methods, deep learn-
ing (DL) can autonomously extract time–frequency
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features from signals through large-scale data train-
ing, enhance adaptability to complex wireless envi-
ronments, and improve detection performance un-
der low-SNR conditions. Liu et al. (2019) proposed
a general spectrum sensing framework based on a
deep neural network (DNN), which ensures the op-
timality of the test statistic. They further designed
a covariance matrix-aware convolutional neural net-
work (CM-CNN) for spectrum sensing. Gai et al.
(2021) addressed the gradient vanishing problem in
deep networks using skip connections and devel-
oped a deep convolutional neural network (DCNN)
to enhance spectrum sensing accuracy. To further
improve feature utilization, Gai et al. (2022) pro-
posed a spectrum sensing method based on resid-
ual dense networks, which enhances feature fusion
through dense connectivity. Geng et al. (2022) pro-
posed a spectrum sensing method based on fea-
ture extraction and a convolutional neural network
(CNN). The method constructs a feature matrix
composed of energy, power spectrum, and cyclosta-
tionary features, which is then fed into the CNN
for classification. Cai et al. (2022) proposed a spec-
trum sensing method based on a spectrogram-aware
CNN, which effectively extracts time-frequency fea-
tures by using the spectrum graph obtained from
the short-time Fourier transform of the signal as
input. Janu et al. (2023) proposed a collaborative
spectrum sensing method using a hierarchical long
short-term memory network (LSTM)-based architec-
ture, which integrates CNN and LSTM to extract
spatial and temporal features from secondary user
(SU) sensing data. Li SP et al. (2024) proposed a
multi-antenna spectrum sensing method that inte-
grates hierarchical fuzzy dispersion entropy (HFDE)
with a CNN-gated recurrent unit (GRU) architec-
ture. HFDE is used to extract frequency-domain
features, while the CNN-GRU network effectively
captures both spatial and temporal dependencies.
Pan et al. (2025) proposed a DL-based spectrum pre-
diction framework, DeepSPred, which employs an
encoder to extract spatiotemporal spectrum features
and designs a 3D Swin Transformer block-based net-
work (3D-SwinSTB) and a 3D Swin Transformer
with linear predictor (3D-SwinLinear) for spectrum
monitoring and dynamic access tasks, respectively.
Saraswathi and Logashanmugam (2024) proposed a
spectrum sensing method that integrates the chicken
swarm algorithm with a deep belief network. The

deep belief network is employed to learn the dynamic
features of the spectrum in the offline phase, while
the chicken swarm algorithm is used in the online
phase to optimize nonlinear thresholds for efficient
sensing. Gao et al. (2024) proposed an intelligent
spectrum sensing method based on a GAN-GRU-
YOLO framework, which integrates wavelet trans-
form with a dual-branch GRU-YOLO network to ex-
tract time-frequency features of signals for efficient
spectrum sensing.

Although DL models can autonomously extract
features, their ability to perceive critical information
remains limited under complex channel conditions.
By focusing on discriminative features, the atten-
tion mechanism can enhance the model’s efficiency in
learning meaningful information. Hou et al. (2021)
introduced a coordinate attention (CA) mechanism
that enhances feature representation by embedding
coordinate information, achieving notable results
in various computer vision tasks. Compared to
classic attention mechanisms, such as squeeze-and-
excitation network (SE-Net) (Hu et al., 2018), CA
offers lower computational complexity. Li JC et al.
(2018) introduced a multi-scale residual network for
image super-resolution. The network adaptively ex-
tracts multi-scale features via residual blocks and
employs skip connections for feature fusion, ef-
fectively leveraging local multi-scale information.
Zhang et al. (2024) proposed a spectrum Trans-
former model leveraging a multi-head self-attention
mechanism. The model captures both inner-band
features and inter-band correlations, effectively ad-
dressing the limitations of traditional CNNs in mod-
eling long-range spectral dependencies. Peng et al.
(2024) proposed a DL-based wideband spectrum sig-
nal detection network. The model integrates a resid-
ual dilated convolutional network with a horizontal
shift attention mechanism, effectively enhancing sig-
nal detection performance in complex electromag-
netic environments. Bai et al. (2025) proposed a col-
laborative spectrum sensing method that incorpo-
rates a channel attention mechanism. The method
uses CNN to extract spatial features and enhances
key information through the channel attention mech-
anism, while integrating an LSTM to capture the
temporal characteristics of SUs, thereby significantly
improving the sensing accuracy. Xu et al. (2025)
proposed an underwater acoustic spectrum sensing
algorithm that integrates federated learning with the
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dark-CBAM-YOLOv5 (DCYOLO) model, incorpo-
rating the dark convolutional block attention module
(dark-CBAM) feature extraction and a multi-feature
fusion module, thus enhancing the sensing accuracy
of underwater signals. Hong and Xu (2025) pro-
posed a multi-scale time-correlation perception at-
tention model. The model employs a parallel archi-
tecture to fully leverage correlations across multiple
time scales and identify dependencies between them,
thereby enhancing detection performance and noise
robustness.

Despite the notable performance of DL-based
spectrum sensing methods, several key challenges re-
main. (1) Most existing models employ single-scale
convolutional structures, which are constrained by
fixed receptive fields and struggle to capture multi-
scale signal features. (2) Feature fusion commonly
relies on simple splicing or concatenation operations,
which lack guidance and often introduce redundant
information, thereby reducing sensing efficiency and
accuracy. (3) Existing works introduce attention
mechanisms to focus on key features, but these are
typically confined to local enhancement within the
channel or spatial dimensions and fail to capture
global feature interactions across scales and layers.

To address these challenges, this paper proposes
a spectrum sensing method based on a multi-scale
feature fusion network (MSFFNet). The main con-
tributions are as follows:

1. To introduce a novel MSFFNet for spectrum
sensing. Compared to traditional single-scale CNNs,
MSFFNet extracts local and global spectrum fea-
tures in parallel using multi-scale feature extraction
blocks (MSFEBs), thereby enhancing the model’s
ability to perceive multi-scale signal patterns.

2. To propose an adaptive feature screening
strategy (AFSS) and a multi-level feature fusion
mechanism (MLFFM) for enhanced feature repre-
sentation. AFSS evaluates the contributions of fea-
tures at different scales to the sensing task, enabling
adaptive adjustment of multi-scale feature weights to
emphasize key features and suppress redundant in-
formation. MLFFM combines skip connections and
multi-dimensional attention to effectively fuse shal-
low detail features with deep semantic representa-
tions, achieving cross-scale information synergy and
improving global feature representation.

3. To evaluate the performance of the MSFFNet
under low-SNR conditions. This paper constructs a

multi-level mixed-SNR dataset and a Rayleigh fading
channel model to simulate complex communication
scenarios, and employs multiple evaluation strategies
to comprehensively analyze the performance of the
sensing model. Experimental results demonstrate
that MSFFNet achieves strong performance in terms
of sensing accuracy, scalability, and robustness.

2 Spectrum sensing model

In a multi-antenna CR scenario, a CR terminal
is equipped with M antennas to receive signals in the
target frequency band. SUs employ the CR terminal
to detect whether the primary users (PUs) occupy
the target band and opportunistically use the idle
band without interfering with the PUs’ communica-
tion. Therefore, spectrum sensing can be modeled
as a binary hypothesis testing problem:{

H1 : r(n) = x(n) + w(n),
H0 : r(n) = w(n),

(1)

where H1 indicates the presence of the PU signal
along with channel noise in the band, while H0 repre-
sents the presence of only noise, meaning that the PU
is absent. r(n) = [r1(n), r2(n), . . . , rM (n)]T denotes
the observation vector received by the CR terminal
at time n on M antennas, where n = 0, 1, . . . , N − 1,
N is the number of received samples, and x(n) rep-
resents the PU signal, which undergoes multi-path
propagation and channel fading, with the power set
to σ2

x. For SUs, the prior information of the PU
signal is unavailable. w(n) represents the additive
white Gaussian noise (AWGN) in the target fre-
quency band, with a mean of 0 and a variance of
σ2

w. The received signal matrix is given by

R =

⎡⎢⎢⎢⎣
r1

r2
...

rM

⎤⎥⎥⎥⎦ =

⎡⎢⎢⎢⎣
r1(0) r1(1) · · · r1(N − 1)
r2(0) r2(1) · · · r2(N − 1)

...
...

...
rM (0) rM (1) · · · rM (N − 1)

⎤⎥⎥⎥⎦
M×N

.

(2)

Spectrum sensing is performed by testing a bi-
nary hypothesis. The performance of the spectrum
sensing method is evaluated using two key metrics:
detection probability Pd and false alarm probability
Pfa. Pd is the likelihood of correctly identifying the
presence of the PU when it exists, whereas Pfa is the
likelihood of incorrectly detecting the PU when it is
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absent. The specific decision criterion is defined as{
Pd = P (T ≥ γ | H1),
Pfa = P (T ≥ γ | H0),

(3)

where T denotes the test statistic, and γ represents
the decision threshold.

3 Spectrum sensing system based on
MSFFNet

The MSFFNet-based spectrum sensing system
integrates data preprocessing, offline training, and
online detection to create an end-to-end intelligent
sensing framework to identify the wireless spectrum
status in real time and with high accuracy. The
MSFFNet enhances the spectrum sensing method’s
adaptability and decision-making precision. The sys-
tem’s overall framework is illustrated in Fig. 1.

The following analysis will focus on the three
core modules, i.e., data preprocessing, MSFFNet
model design, and threshold decision mechanism, to
detail how the system achieves spectrum sensing.

3.1 Data preprocessing

Based on the received signal matrix in Eq. (2),
the sample covariance matrix is calculated as follows:

C(N) =
1
N

RRH =
1
N

N−1∑
n=0

r(n)rH(n). (4)

Since the H1 hypothesis includes both the PU
signal and the noise signal, while the H0 hypothesis
includes only the noise signal, assuming statistical

independence between the PU and the noise signals,
Eq. (1) is transformed into Eq. (5):{

H1 : C(N) = Cx(N) + σ2
wIM ,

H0 : C(N) = σ2
wIM ,

(5)

where IM represents the M -dimensional identity ma-
trix. For H0, since the AWGN is independent and
identically distributed (i.i.d.), there is no correlation
between the noises. Hence, the sample covariance
matrix contains only the diagonal elements repre-
senting the noise power. For H1, the PU signal
is present in addition to the noise signal. Due to
the spatial correlation between antennas in a multi-
antenna receiver system and temporal correlation in
the PU signal, the diagonal elements of the sam-
ple covariance matrix represent the sum of the noise
power and PU signal power (i.e., σ2

x + σ2
w). The

off-diagonal elements represent the quantification of
the correlation between the multi-antenna received
signals. The sample covariance matrices under both
hypotheses are visualized in grayscale, as illustrated
in Fig. 2.

Under high-SNR conditions (SNR = 5 dB), the
two hypothesized covariance matrices exhibit notice-
able differences in brightness in the off-diagonal re-
gion. Under low-SNR conditions (SNR = −19 dB),
the grayscale images are nearly identical, suggest-
ing that the signal is obscured by noise. This pa-
per transforms the (32 × 32)-dimensional covariance
matrix into a 128 × 128 resolution grayscale image
called C. The covariance matrix contains various
signal characteristics, including signal power, eigen-
values, and correlation. High-resolution grayscale
images accentuate subtle structural features in the
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Fig. 1 Spectrum sensing system based on MSFFNet
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data matrix while meeting the input size require-
ments of DNN. This provides precise and reliable
features for MSFFNet, aiding subsequent feature ex-
traction and pattern recognition.

3.2 MSFFNet model design

MSFFNet adopts a hierarchical architecture
with three stages: feature extraction, feature fusion,
and feature classification, as shown in Fig. 3. This hi-
erarchical design aims to provide modularity by sep-
arating feature extraction, fusion, and classification,
enabling easy adjustment and extension to diverse
spectrum sensing scenarios.

In the feature extraction stage, MSFEBs ex-
tract multi-scale features from the covariance matrix
grayscale image, while AFSS selectively emphasizes
key features and suppresses redundant ones. In the
feature fusion stage, MLFFM combines multi-scale
features from each layer using attention weights,
reinforcing important features and reducing infor-
mation loss. In the classification stage, the ex-
tracted features are integrated by a fully connected
(FC) layer, and a softmax activation generates a

score vector, whose elements represent the proba-
bility distribution of hypotheses H0 and H1. Finally,
a threshold-based decision mechanism is applied to
the score vector to complete the classification task.
The detailed parameters of MSFFNet are listed in
Table 1.

3.2.1 MSFEB

Convolution kernels with varying receptive
fields capture features at different scales, enabling
the model to focus on local and global information
during feature extraction. This allows the model to

Table 1 Structural parameters of the MSFFNet

Layer Output feature map size

Input 1×128×128
C0 32×64×64

MSFEB 1 64×32×32
MSFEB 2 128×16×16
MSFEB 3 256×8×8
MLFFM 480×8×8

FC1 + ReLU 30 720×512
FC2 + softmax 512×2

Output 1×2

(a) (b) (c) (d)

Fig. 2 Grayscale image of the sample covariance matrix: (a) H1 when SNR = 5 dB; (b) H0 when SNR = 5 dB;
(c) H1 when SNR = −19 dB; (d) H0 when SNR = −19 dB
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learn the relationship between detailed features and
macroscopic patterns, improving the recognition ac-
curacy of complex spectral signals. Therefore, this
paper designs an MSFEB, which includes multi-scale
feature extraction (Fig. 4a) and an AFSS (Fig. 4b).

1. Multi-scale feature extraction
Unlike traditional single-scale CNNs, this pa-

per’s MSFEB captures multi-scale information using
a dual-branch structure. Specifically, convolution
kernels with receptive fields of 1×1, 3×3, and 7×7
are employed to build a multi-scale feature extraction
and residual connection branches. In the multi-scale
feature extraction branch, 3×3 convolution extracts
local features, while 7×7 convolution captures global
information. The first convolution layer downsam-
ples the input feature map, reducing its size to half
of the original one, while the number of channels re-
mains unchanged. This reduces model parameters
through feature compression and enables the extrac-
tion of more abstract features. Features of different

scales are then concatenated along the channel di-
mension to facilitate interaction between them. The
second convolution layer preserves the feature map
size while doubling the number of channels. Dou-
bling the channels enables the model to learn richer
feature representations. The multi-scale features are
then adaptively screened to remove redundancy and
emphasize key features, improving the model’s abil-
ity to learn important information. The third layer
uses 1×1 convolution to fuse local and global fea-
tures, enabling cross-channel information interaction
and creating a more expressive feature representa-
tion. In the residual connection branch, a 1×1 convo-
lution adjusts the feature dimension to supplement
information and enhance model efficiency. Finally,
the two branches are combined to produce the final
feature output.

2. AFSS
To account for the varying contributions of dif-

ferent scale features to spectrum sensing tasks, this
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Fig. 4 Illustration of the multi-scale feature extraction (a) and AFSS in the MSFEB (b). �: channel-wise
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paper proposes an AFSS that emphasizes key fea-
tures while suppressing redundant ones. This strat-
egy screens feature maps extracted by 3×3 and 7×7
convolution kernels. First, the global average pool-
ing (GAP) calculates the average channel weights of
feature maps extracted by 3 × 3 and 7 × 7 convo-
lution kernels. These weights are then fed into a
multi-layer perceptron (MLP) built with 1 × 1 con-
volution to model the channel’s feature relationships
and perform nonlinear transformations. Next, two
sets of weights are concatenated, and a softmax func-
tion is applied across the corresponding channels to
obtain probabilistic feature interaction weights. Fi-
nally, the initial feature map is multiplied by its cor-
responding interaction weight for each channel, and
the resulting weighted maps are concatenated along
the channel dimension to screen and enhance multi-
scale features.

3.2.2 MLFFM

As each layer of the MSFEB downsamples the
feature map, the spatial representation capability of
the model decreases with increasing network depth
while its semantic representation ability improves.
This may result in the loss of detailed features dur-
ing transmission. MSFEBs at various levels capture
features at different scales. Shallow modules focus
on details and local structures, while deep modules
capture complex semantic features. Given the strong
performance of the attention mechanism in feature
fusion, this paper proposes an MLFFM based on the
CA. It enhances the network’s feature representa-
tion by modeling multi-dimensional global informa-
tion and effectively integrating shallow details with

deep semantic features.
As shown in Fig. 5, the core mechanism of this

module extracts global information in the horizon-
tal, vertical, and spatial directions by performing
adaptive average pooling along the width, height,
and channel dimension of the feature map, generat-
ing three attention weights: width-wise, height-wise,
and spatial attention. These weights then adjust
the importance of the input feature map probabilis-
tically, enabling the model to focus on salient areas.
The module first resizes the features (x0, x1, x2, x3)
extracted in the feature extraction stage (Fig. 3) us-
ing skip connections and GAP, and then concate-
nates them along the channel dimension. Next, GAP
is applied across the width, height, and channel di-
mensions to capture global feature information in
the horizontal, vertical, and spatial directions. A
lightweight MLP compresses and reconstructs the
features along the width and height dimensions, gen-
erating position weights through sigmoid activation
and softmax normalization. Finally, the width-wise,
height-wise, and spatial attention weights are ap-
plied to the input features element-wise, enabling
the fusion and enhancement of multi-dimensional
information.

This module effectively combines global spatial
and channel information, enhancing the sensitivity
of the model to feature distribution. Fusing lo-
cal features at all levels prevents the loss of detail,
fully uses detailed and semantic features, and learns
more general representations to enhance the model
generalization. Skip connections improve gradient
flow, mitigate gradient vanishing and explosion is-
sues in deep networks, and stabilize model training.
The attention mechanism adaptively fuses features,
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emphasizes key features, and reduces reliance on ir-
relevant ones, improving training efficiency and con-
vergence speed.

The theoretical analysis of the MLFFM is pro-
vided in Eqs. (6)–(14). Let X ∈ R

B × C × H × W be
the input feature map, where B denotes the batch
size, C denotes the number of channels, and H and
W denote the height and width of the feature map,
respectively. GAP is applied to dimensions W , H,
and C, respectively.

Xw(c, h)=
1

W

W∑
w=1

X(b, c, h, w), Xw ∈ R
B×C×H×1,

(6)

Xh(c, w)=
1
H

H∑
h=1

X(b, c, h, w), Xh ∈ R
B×C×1×W ,

(7)

Xc(h, w)=
1
C

C∑
c=1

X(b, c, h, w), Xc ∈ R
B×1×H×W .

(8)

Apply the permutation operation to transpose
Xh, aligning its shape with that of Xw. Concatenate
Xw and Xh along the w dimension:

Y = Concat(Xw,Xh), Y ∈ R
B×C×H×2. (9)

An MLP with two 1×1 convolutional layers
processes the concatenated feature Y , where σ is
the sigmoid activation function, W1 ∈ R

C × C/16

is the weight of the reduction of dimensions, and
W2 ∈ R

C/16 × C is the weight of the increase of
dimensions:

Z = σ (W2 · ReLU (W1Y )) , Z ∈ R
B×C×H×2.

(10)
Apply the softmax operation to the last dimen-

sion of Z, decompose the resulting weights into W

and H direction components, and restore the Hweight

to the original dimension (B × C ×1× W ):

Softmax(Z, dim = 3), (11)

Wweight,Hweight = Split(Z, [1, 1], dim = 3). (12)

Generate spatial attention weights by applying
the sigmoid activation function to Xc:

Cweight = σ(Xc). (13)

The input feature map X is element-wise mul-
tiplied by Wweight, Hweight, and Cweight, and the
sum is used to generate the output feature map
XM ∈ R

B × C × H × W :

XM =X�Wweight+X�Hweight+X�Cweight, (14)

where � denotes the element-wise multiplication.

3.3 Threshold decision mechanism

Setting an appropriate decision threshold ef-
fectively mitigates the impact of noise and un-
certainty on decision outcomes. To simplify the
spectrum sensing problem into a binary decision
task while ensuring real-time processing, this paper
presents a threshold decision mechanism based on
CNN (Liu et al., 2019). The mechanism consists of
three main steps:

Step 1: constructing test statistics. Input the
test set into the well-trained MSFFNet and output
the score vector:

hθ∗(C̃) =
[

hθ∗|H0(C̃), hθ∗|H1(C̃)
]

, (15)

where hθ∗|H0(C̃) + hθ∗|H1(C̃) = 1, hθ∗(·) represents
the trained model expression, hθ∗|Hi

(·) represents
the category probability of Hi, and C̃ represents the
test set sample. According to the Neyman–Pearson
(NP) criterion, the test statistic T is defined as

T =

[
hθ∗|H1(C̃)
hθ∗|H0(C̃)

]
. (16)

Step 2: setting the decision threshold. Input
the H0 class samples (q in total) into the well-trained
MSFFNet, compute the test statistic using Eq. (16),
and arrange the results in descending order to form
a list TH0 = {T1, T2, ..., Tq}. Multiply the given
false alarm probability Pfa by q, round down us-
ing the function �·�, and use �Pfa · q� as the index
to retrieve the corresponding test statistic from TH0 ,
which serves as the threshold, as shown in Eq. (17):

γ = TH0 [�Pfa · q�] . (17)

Step 3: online detection. In the online detec-
tion stage, real-time input samples are used to com-
pute the test statistic using Eq. (16), which is then
compared with the decision threshold to complete
spectrum sensing:{

T ≥ γ, H1,

T < γ, H0.
(18)
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3.4 Spectrum sensing workflow based on
MSFFNet

The workflow of the spectrum sensing algorithm
based on MSFFNet is illustrated in Algorithm 1
and Fig. 6, comprising three stages: data prepro-
cessing, feature extraction, and threshold decision.
The dataset consists of m pairs of training data
Dm = {(C1, y1), . . . , (Cm, ym)}, n pairs of validation
data Dn = {(Cm+1, ym+1), . . . , (Cm+n, ym+n)}, and
k pairs of test data Dk =

{
(C̃1, ỹ1), . . . , (C̃k, ỹk)

}
.

Here, C denotes the grayscale image of the covari-
ance matrix for the training and validation samples,
C̃ represents the grayscale image of the covariance
matrix for the test samples, and y is the one-hot
label.

y =

{
[1, 0], H0,

[0, 1], H1.
(19)

The loss function is the binary cross-entropy
(BCE) loss:

Loss(θ) = − 1
m

m∑
i=1

[
yi log hθ|H1(C i)

+ (1 − yi) log hθ|H0(C i)
]
.

(20)

The model is trained on the training data, and
the gradient of the loss function concerning the
model parameter θ is computed and updated via
backpropagation. The optimal model weight θ∗ is
determined using validation data. Finally, the test

Algorithm 1 Spectrum sensing algorithm based on
the MSFFNet
1: Initialize best_acc ← 0 and randomly initialize the model

parameters θ

2: Input the training dataset Dm and validation dataset Dn

into hθ(·)
3: repeat
4: Compute the loss according to Eq. (20) and update θ

5: Evaluate the accuracy on Dn using hθ(·), denoted as
val_acc

6: if val_acc > best_acc then
7: best_acc ← val_acc
8: Save the current model parameters as optimal
9: end if

10: until loss function converges
11: Save the optimal model parameters as θ∗

12: Compute the threshold γ using Eq. (17)
13: Input the test data Dk into hθ∗ (·)
14: Construct the test statistic T according to Eq. (16)
15: Determine the spectrum state based on Eq. (18)

data are input into the trained model to perform on-
line spectrum sensing based on the threshold decision
mechanism.

4 Simulations

4.1 Simulation configuration

The dataset used in this paper is generated
through simulations in MATLAB and includes the
generation of PU signals, Rayleigh fading channels,
and AWGN. The modulation scheme of the PU
signal is orthogonal frequency-division multiplexing
(OFDM). The number of receiving antennas in the
CR terminal, M , is set to 32, with the number of
sampling points N set to 5000. The simulated signal
is sampled, and a sample covariance matrix grayscale
map of dimension 128 × 128 is constructed. The sim-
ulation SNR range is −19 dB to 0 dB. The dataset
consists of training, validation, and test sets, with
250 H1 and 250 H0 class samples generated for each

Multi-scale feature extraction

Multi-scale feature fusion

Fully connected layer

Best model

Threshold decision

Received signal matrix

Sample covariance matrix

Grayscale

Dataset

Start

AWGN
Rayleigh

channel

OFDM

modulation

Test set

Dataset

Training  setValidation set

Is loss minimum?

Spectrum sensing results

End

No

Yes

Fig. 6 Spectrum sensing workflow based on the
MSFFNet
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SNR level, totaling 10 000 samples. The training,
validation, and test sets are split in an 8:1:1 ratio,
with H1 class samples labeled 1 and H0 class sam-
ples labeled 0. The dataset construction details are
shown in Table 2.

The simulations use an Intel R© CoreTM i5-
12400F central processing unit (CPU) and an
NVIDIA GeForce GTX 4060 (8 GB) graphics pro-
cessing unit (GPU). The proposed algorithm is im-
plemented in the PyTorch framework for the con-
struction, training, and testing of the MSFFNet
model. The BCE loss function is used for training,
and the Adam optimizer is employed. The learning
rate scheduler is StepLR. Hyperparameter settings
are detailed in Table 3.

Table 2 Dataset construction

Dataset type Label Number Total

Training set 0
1

4000
4000

8000

Validation set 0
1

500
500

1000

Test set 0
1

500
500

1000

Table 3 Training hyperparameters

Parameter Value

Number of epochs 50
Batch size 32

Learning rate 0.001
Weight decay 0.001

Step size 20
Gamma 0.1

4.2 Simulation results and analysis

4.2.1 Detection probability of different spectrum
sensing methods under low SNRs

This simulation compares the detection
probabilities of seven spectrum sensing meth-
ods: MSFFNet, DCNN (Gai et al., 2021),
ViT-B/16 (Dosovitskiy et al., 2021), CM-CNN
(Liu et al., 2019), SenseNet (Geng et al., 2022),
maximum–minimum eigenvalue detection (MME)
(Zeng and Liang, 2009), and energy detection (ED)
(Urkowitz, 1967). With the Pfa of 0.1, Pd is plot-
ted across the −19 dB to 0 dB SNR range. As
shown in Fig. 7, the MSFFNet consistently outper-

forms other spectrum sensing methods. At an SNR
of −14 dB, the Pd of MSFFNet is 0.936. In contrast,
DCNN, ViT-B/16, CM-CNN, SenseNet, MME, and
ED achieve Pd values of 0.782, 0.818, 0.618, 0.464,
0.456, and 0.326, respectively. For SNR values be-
low −11 dB, MSFFNet consistently achieves superior
performance compared to others. This demonstrates
the strong anti-noise robustness of MSFFNet under
low-SNR conditions. The improved performance is
attributed to its MSFEB, which allows the network
to capture features at various scales, helping it resist
noise interference and enhance detection accuracy.
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Fig. 7 Pd–SNR curves of the MSFFNet and six com-
parison methods

4.2.2 ROC curves of different spectrum sensing
methods

Besides Pd, Pfa is another key metric for eval-
uating spectrum sensing methods. In this simula-
tion, an SNR of −15 dB is used, and receiver oper-
ating characteristic (ROC) curves are compared for
seven spectrum sensing methods: MSFFNet, DCNN,
ViT-B/16, CM-CNN, SenseNet, MME, and ED. By
adjusting Pfa and determining the corresponding
threshold values, Pd of each model is obtained. The
ROC curve visually represents the model’s perfor-
mance under varying Pfa. As shown in Fig. 8, under
the same Pfa, MSFFNet significantly outperforms
the others. In the low Pfa range, MSFFNet maintains
a high Pd. At Pfa = 0.1, the Pd value of MSFFNet is
0.77. In contrast, the Pd values of DCNN, ViT-B/16,
CM-CNN, SenseNet, MME, and ED are 0.614, 0.598,
0.428, 0.296, 0.266, and 0.224, respectively. This
demonstrates that MSFFNet can effectively detect
target signals while minimizing false alarms. The
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model’s ability to maintain high Pd across varying
Pfa is attributed to its deeper and broader network
architecture, along with MLFFM and skip connec-
tions, which enhances the feature representation at
each layer and improves the gradient flow.

4.2.3 Ablation simulation

To assess the effectiveness of the AFSS and
MLFFM in the MSFFNet, an ablation simula-
tion was designed to evaluate four configurations:
MSFFNet, MSFFNet without AFSS, MSFFNet
without MLFFM, and MSFFNet without AFSS or
MLFFM. Fig. 9 presents the Pd curves for the four
models under the Pfa of 0.1 and an SNR range of
[−19 dB, −10 dB]. The results indicate that the
joint application of MSFEB, AFSS, and MLFFM
achieves markedly better performance than any in-
dividual module.

This improvement originates from their com-
plementary roles: (1) MSFEB extracts local and
global features in parallel, thereby strengthening
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Fig. 9 Ablation simulation of the MSFFNet

feature representation; (2) AFSS adaptively eval-
uates feature contributions across different scales,
emphasizing critical features while suppressing re-
dundant ones; (3) MLFFM combines shallow details
with deep semantic features to mitigate information
loss. Together, these modules establish a coherent
process of “multi-scale feature extraction—adaptive
feature screening—cross-level feature fusion,” which
markedly enhances the spectrum sensing under low-
SNR conditions.

4.2.4 Influence of the number of antennas and sam-
pling points on the spectrum sensing performance

This simulation evaluates the scalability of the
MSFFNet by analyzing its performance with differ-
ent antenna counts (M = 16, 32, 64) and varying
sampling point numbers (N = 2500, 5000, 10 000).
With an SNR of −15 dB and 5000 sampling points,
the ROC curve is employed to assess the detection
performance of the proposed algorithm with vary-
ing antenna counts. Fig. 10 demonstrates that as
the number of antennas increases, the MSFFNet ex-
hibits improved detection performance. At the Pfa

of 0.1, the Pd is 0.966 for M = 64, 0.770 for M = 32,
and 0.396 for M = 16.

With an SNR of −15 dB and 32 antennas, the
ROC curve of the MSFFNet is compared and an-
alyzed under varying sampling points. Fig. 11 il-
lustrates that as the number of sampling points in-
creases, the detection performance of the MSFFNet
improves. At a Pfa of 0.1, the Pd is 0.932 for N

= 10 000, 0.77 for N = 5000, and 0.424 for N =
2500. Increasing the number of antennas and sam-
pling points enhances the detection performance of
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the MSFFNet in low-SNR environments. The multi-
antenna system reduces the misjudgment caused by
signal fading or multi-path interference on a sin-
gle receiving path by leveraging spatial diversity.
Additionally, more sampling points provide richer
training data for the sensing model, particularly in
complex channel environments, thus improving the
model’s overall performance.

4.2.5 Analysis of robustness of spectrum sensing
methods under colored noise

To evaluate the generalization ability and ro-
bustness of the proposed model under non-ideal
channel conditions, this study further analyzes its
performance in a colored noise (Zhivomirov, 2018)
environment.

In this simulation, colored noise is used in place
of AWGN, and a dataset is constructed using the
same configuration settings as in Section 4.1 to eval-
uate various methods. Fig. 12a illustrates the Pd–
SNR curves of different methods under the condition
of Pfa = 0.1. The results indicate that the MSFFNet
maintains high detection accuracy in the presence of
colored noise. When the SNR exceeds −13 dB, Pd

surpasses 0.9. At SNR = −13 dB, the Pd value
of MSFFNet is 0.938, significantly outperforming
DCNN (0.838), ViT-B/16 (0.820), CM-CNN (0.802),
SenseNet (0.676), MME (0.552), and ED (0.422).
Fig. 12b illustrates the ROC curves of each method
under SNR = −15 dB. These results are consistent
with the Pd–SNR analysis. The MSFFNet maintains
a high Pd across the Pfa range, and its area under
the curve (AUC) is significantly higher than those of
the comparison methods.
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Furthermore, Fig. 13 compares the Pd–SNR
curves of MSFFNet under AWGN and colored noise
conditions to evaluate its robustness against differ-
ent noise statistical characteristics. Simulation re-
sults show that although the performance slightly
decreases under colored noise interference, the over-
all detection accuracy remains stable, demonstrat-
ing strong noise resilience. As the SNR increases,
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Fig. 12 Detection performance of spectrum sensing
methods under colored noise: (a) Pd–SNR curves; (b)
ROC curves
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the model’s detection performance under the two
noise conditions gradually converges. These find-
ings indicate that MSFFNet adapts well to diverse
noise distributions and sustains effective detection in
complex channel conditions, demonstrating robust
performance.

4.2.6 Analysis of model complexity and real-time
performance

To assess both resource consumption and de-
tection capability, we conducted a complexity com-
parison between MSFFNet and four baseline mod-
els. Two toolkits were used: torchsummary for
memory footprint and ptflops for parameters and
multiply–accumulate operations (MACs). Table 4
reports spatial complexity, temporal complexity, and
detection performance Pd with Pfa = 0.1 and SNR=
−14 dB.

For spatial complexity, ViT-B/16 requires
735.83 MB of memory and 8.58 × 107 parameters,
far exceeding those of the other models. By con-
trast, MSFFNet reduces the resource usage while
maintaining high detection accuracy, requiring only
104.49 MB of memory and 2.222 × 107 parame-
ters; MSFFNet achieves superior overall detection
performance.

For temporal complexity, MSFFNet requires
9.6962 × 108 MACs, higher than those of single-
scale models, such as SenseNet, DCNN, and CM-
CNN, mainly due to its multi-scale convolutional
structure. Under low-SNR conditions, however,
MSFFNet achieves the highest detection perfor-
mance, with Pd = 0.936. In comparison, SenseNet
(0.464), DCNN (0.782), and CM-CNN (0.618) fail to
provide reliable sensing. Although ViT-B/16 reaches
a Pd of 0.818, its computational overhead is far
greater.

Accordingly, Table 5 presents a comparison of
the training time and single-sample inference time
for each model. Although MSFFNet has a longer

Table 4 Comparison of the complexity of spectrum
sensing models

Model Memory (MB) Npar (×106) NMACs (×106) Pd

SenseNet 17.89 4.21 5.32 0.464
DCNN 22.18 0.10 76.41 0.782

MSFFNet 104.49 22.22 969.62 0.936
CM-CNN 107.36 25.63 138.86 0.618
ViT-B/16 735.83 85.80 16 880 0.818

Npar: number of parameters; NMACs: number of MACs

training time (851 s) compared to SenseNet (494 s),
DCNN (577 s), and CM-CNN (596 s), this does not
affect real-time decision-making in spectrum sensing,
as training is performed offline. In terms of infer-
ence efficiency, SenseNet (1 ms) achieves the fastest
inference. MSFFNet (4 ms) exhibits comparable in-
ference to CM-CNN (2 ms) and DCNN (2 ms) and
significantly outperforms ViT-B/16 (9 ms), meeting
real-time processing requirements.

Although MSFFNet exhibits slightly higher
time complexity, it delivers markedly better detec-
tion performance under low-SNR conditions while
maintaining manageable resource overhead. This
demonstrates a favorable balance between perfor-
mance and efficiency. Moreover, its modular design
facilitates lightweight adaptations for spectrum sens-
ing under diverse resource constraints.

4.2.7 Observability analysis of simulation results

The feature extraction capability of the MS-
FEB in MSFFNet is evaluated through visualiza-
tion. As shown in Fig. 14, an H1 sample is fed
into the trained MSFFNet, and multi-scale features
are sequentially extracted by MSFEB 1–3. The re-
sults indicate that deeper layers extract features with
progressively higher levels of semantic abstraction.
Shallow modules capture basic input patterns, such
as main diagonal elements and edge contours, pro-
ducing high-resolution feature maps. Middle-level
modules produce more abstract representations by
enhancing and combining local features, thereby lay-
ing the foundation for high-level semantics. Deep
modules emphasize high-level semantic features, re-
ducing spatial resolution while expanding the num-
ber of channels. This reflects the network’s compact
representation of semantic information. These vi-
sualizations confirm the effectiveness of MSFEB in
layer-wise abstraction and multi-scale fusion, demon-
strating its progressive expression from low-level to
high-level semantic features.

Table 5 Comparison of training and inference time
for spectrum sensing models

Model Training time (s) Inference time (ms)

SenseNet 494 1
CM-CNN 596 2

DCNN 577 2
MSFFNet 851 4
ViT-B/16 4532 9
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(a) (b) (c)

Fig. 14 Visualization of feature maps at different levels: (a) MSFEB 1; (b) MSFEB 2; (c) MSFEB 3

5 Conclusions and future work

5.1 Conclusions

To address the limitations of traditional CNNs
in low-SNR spectrum sensing tasks, this paper
proposes a spectrum sensing method based on
MSFFNet. The MSFFNet employs MSFEB to cap-
ture key information from OFDM signals at different
scales, allowing the model to learn local and global
signal features. Furthermore, an AFSS is designed
to optimize feature representation. Feature informa-
tion at different levels is integrated through MLFFM,
which preserves the deep network’s high-dimensional
representation capability while mitigating feature
loss caused by excessively deep layers. This net-
work design effectively addresses the feature extrac-
tion limitations of CNNs and significantly enhances
the detection accuracy and robustness for spectrum
sensing tasks. Simulation results demonstrate that
in low-SNR scenarios, the MSFFNet-based spectrum
sensing method outperforms other sensing models,
achieving significantly higher detection performance
at the same false alarm probability.

5.2 Future work

Although the current DL techniques have
achieved significant success in the Internet of Things
(IoT) domain, such as in automatic modulation
classification (Ma et al., 2025), channel state infor-
mation feedback (Li JX et al., 2025), and spectrum
sensing (Kim et al., 2023), their high computational,
data, time, and energy costs continue to hinder fur-
ther development. To address this, swarm intelli-
gence (SI) optimization methods, including parti-
cle swarm optimization (Yan et al., 2023), harmony
search algorithm (Ye et al., 2023; Qin et al., 2025),

and grey wolf optimizer (He et al., 2022), as well
as inference models (Jiang et al., 2022; Xiang et al.,
2025), are being integrated to develop lightweight
sensing models. Moreover, model compression
techniques, including pruning (Pham et al., 2024),
quantization, and knowledge distillation (Gou et al.,
2024), have been extensively investigated for accel-
erating DNNs. Inspired by these findings, the future
work could be categorized into two directions:

1. Lightweight DL formalism. SI algorithms will
be used to overcome the limited processing capabil-
ities of edge and IoT devices, leveraging CR princi-
ples. These efforts can be further combined with
pruning, quantization, and knowledge distillation
methods to achieve efficient and accurate lightweight
sensing models.

2. Adaptive thresholding. SI algorithms will
help develop a learnable thresholding mechanism to
address the limitations of empirical threshold set-
tings in dynamic communication environments.
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