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Abstract

In Low Earth Orbit (LEO) satellite networks, satellites operate fast and the inter-satellite link
change period is short. In order to sense the spectrum state in LEO satellite networks in real-
time, a space-based satellite network intelligent spectrum sensing algorithm based on artificial
neural network (ANN) is proposed, while Geosynchronous Earth Orbit (GEO) satellites are
introduced to make fast and effective judgments on the spectrum state of LEO satellites by
using their stronger arithmetic power. Firstly, the visibility constraints between LEO satellites
and GEO satellites are analyzed to derive the inter-satellite link building matrix and complete
the inter-satellite link situational awareness. Secondly, an ANN-based energy detection (ANN-
ED) algorithm is proposed based on the traditional energy detection algorithm and artificial
neural network. The ANN module is used to determine the spectrum state and optimize the
traditional energy detection algorithm. GEO satellites are used to fuse the information sensed
by LEO satellites and then give the spectrum decision, thereby realizing the inter-satellite
spectrum state sensing. Finally, the sensing quality is evaluated by the analysis of sensing
delay and sensing energy consumption. The simulation results show that our proposed
algorithm has lower complexity, the sensing delay and sensing energy consumption compared
with the traditional energy detection method.
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1. Introduction

The deployment of 5G mobile systems has already started at the end of October 2019, and

academia and industry have begun to conceptualize the direction and basic specifications for
the next generation of mobile systems (6G). Driven by the exponential growth of data traffic
and the continuous demand for three-dimensional ubiquitous access in the whole area, 6G
systems need to integrate communication with computing, intelligence, and sensing
technologies to build an integrated network that can support large-scale wireless connectivity,
realizing a 6G era in which everything is intelligently connected and the digital and physical
worlds are deeply integrated [1].

The 6G network will form a three-dimensional mobile communication network through
GEO satellite networks, medium- and LEO satellite networks, airborne networks, and
terrestrial mobile communication networks, forming a seamless three-dimensional global
coverage and achieving the development goal of broadband mobile communication without
blind spots [2]. Communication with giant constellations of LEO satellites will be one of the
new frontiers of connectivity leading to 6G, complementing terrestrial networks and providing
unlimited connectivity anywhere, thus helping to bridge the digital divide [3].

Most of the current LEO satellites use L or UHF bands, which are already very crowded at
present, and the fixed spectrum allocation method makes a large portion of the designated
spectrum used occasionally, which leads to low spectrum utilization [4]. Therefore, spectrum
sensing techniques need to be accessed to deal with the problem of spectrum inefficiency.
Spectrum sensing can find available spectrum resources in both space-time dimensions and
effectively improve spectrum utilization efficiency. Spectrum sensing algorithms have been
extensively studied by scholars and will be reviewed in detail in Section 2. Aiming at the
problems of the poor real-time performance of spectrum sensing algorithms for LEO satellite
networks, poor performance at low signal-to-noise ratio (SNR), and traditional spectrum
sensing algorithms can only detect signals one by one, this paper proposes an ANN-based
intelligent spectrum sensing algorithm for space-based satellite networks, which can have high
detection accuracy with low time delay and low energy consumption, and effectively improve
spectrum utilization efficiency. The main contributions of this paper are as follows.

1) Combining the energy detection method with artificial intelligence, replacing the
threshold comparison part of the traditional energy detection method with an ANN
module, and proposing an ANN-based energy detection method, which solves the
problem of difficult threshold setting of traditional energy detection method and has
high detection probability even in low SNR environment.

2) GEO satellites are introduced based on LEO satellites, and their strong arithmetic
power and storage capacity can be used to make fast and effective judgments on the
spectrum status of LEO satellites.

3) Using the wide area of satellite coverage, the algorithm can sense multiple spectrums
at the same time, effectively improving the efficiency of spectrum sensing.

This paper is organized as follows. Section 2 presents related work, and in Section 3, a
hybrid GEO/LEO double-layer satellite constellation and information fusion algorithm for
GEO satellites are designed based on the Walker constellation. In Section 4, we derive the
formula that any two satellites in a space-based network can establish an inter-satellite link.
Then, our proposed ANN-based energy detection method for inter-satellite spectrum state
sensing is presented in detail, and finally, the sensing quality is evaluated in terms of sensing
delay and sensing energy consumption. In Section 5, simulations are conducted using
MATLAB software, and the results show that the ANN-based energy detection method
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outperforms the conventional energy detection method. Conclusions are drawn in Section 6.

2. Related Work

With the continuous development of satellite network technology, the number of satellites is
increasing, especially LEO satellites, with lower orbital altitude, the coverage of satellites for
the ground is constantly changing, and GEO and LEO satellites have their characteristics in
terms of coverage, service quality, and system construction and deployment, etc. Many typical
communication and navigation satellite systems use a mixed constellation structure of GEO
and LEO to achieve global services and provide Many typical communication and navigation
satellite systems have adopted a hybrid constellation structure for global services, providing
differentiated and personalized service capabilities [5]. The hybrid GEO and LEO satellites
constellation network can combine the advantages of different orbits, with flexible networking,
especially when the LEO satellite mission is busy, GEO can relieve the pressure of LEO node
blockage. Yan et al. [6] developed conditions for establishing inter-layer links for IGSO/MEO
two-layer satellite networks, taking into account beam coverage. Ge et al. [7] proposed a
heterogeneous framework combining GEO and LEO systems with a NOMA scheme to
multiplex frequency resources and improve spectral efficiency, taking into account the uplink.
Tengyue et al. [8] use the backbone/access network model and the "moderately connected"”
interstellar link concept to design a dual LEO/MEO link layer network architecture that meets
the quality of service while reducing the complexity of the network system. Ge et al. [9]
established a GEO/LEO dual-layer satellite network architecture in a frequency coexistence
scenario, taking into account the channel and dynamic characteristics between satellite nodes,
and improving the spectral efficiency and signal reception reliability of GEO satellites.

For satellite spectrum sensing algorithms, Hu et al. [10] combined distributed cooperative
sensing network with cognitive satellite ground network and proposed an EE formulation for
cognitive network based on distributed cooperative sensing results to improve the sensing
performance. Wang et al. [11] used DSC system to improve the sensing performance of weak
signals and proposed a new cooperative spectrum sensing method with high detection
probability even when the signal is relatively weak. Zheng. [12] used the gamma
approximation to derive the false alarm probability and improve the detection probability of
energy detection, and then introduced a closed expression for the AUC value under Gaussian
channel to improve the traditional energy detection method.

Conventional spectrum sensing mostly requires setting thresholds, which require a priori
knowledge of the noise distribution or the received signal [13], is highly susceptible to SNR,
and has certain limitations in detection results [14]. Based on the traditional algorithm,
combining the popular machine learning and deep learning techniques [15], it can greatly
improve the spectrum detection probability. Wu et al. [16] proposed an energy detection
method based on short sliding windows for detecting the presence of burst signals in a short
period. Simulation results show that the missing detection probability of this method is lower
than the conventional detection probability in the presence of burst signals. Nandakumar et al.
[17] proposed an intelligent energy detection method based on the gamma distribution and
central limit theory to derive an average detection probability formula, which improves the
detection performance. Zheng et al. [18] derived a new detection probability and false alarm
probability based on central limit theory and then analyzed the detection performance of the
CSS the detection performance of the system is analyzed and the traditional energy detection
method is optimized. Krishnakumar et al. [19] introduced decision tree classification and
random forest classification from machine learning (ML) to the cyclic steady state method and
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energy detection method, which has high detection probability even at low signal-to-noise
ratio, and the method achieves intelligent spectrum sensing with the help of ML classification
technique.

All these methods can achieve good performance in satellite communication application
scenarios, but all of them invariably require a large amount of sampled data and a large amount
of parallel computation. In order to reduce the complexity of the algorithm while ensuring the
detection probability, an ANN-based energy detection method is proposed, which combines
the robustness of neural networks and the simplicity of traditional energy detection algorithms,
while introducing GEO satellites to obtain the visual relationship between LEO satellites and
GEO satellites through interplanetary situational sensing, and the sensing satellites in the LEO
layer upload the sensing information through the interplanetary link to the GEO satellite
through the interplanetary link, uses its strong arithmetic power and storage, and then uses the
GEO satellite to apply the algorithm to make fast and effective judgments on the spectral state
of the LEO layer, and the algorithm also has good performance at low SNR.

3. Satellite constellation model

3.1 Double-layer satellite constellation

This paper designs a hybrid GEO/LEOQ double-layer satellite constellation based on the Walker
constellation, first proposed by Walker J G [20], which is special in that it has the following
characteristics: the constellation orbits are inclined circular orbits; the constellation has a high
degree of symmetry, with all satellites orbiting at the same altitude and inclination, and with
the same angle between orbital planes All satellites have the same altitude and inclination, and
the same angle between orbital planes. Therefore, the geometrical characteristics of any one
satellite in the constellation can replace those of the others.

The parameter Q/P/F is generally used to represent the satellite orbits of the Walker
constellation. Where Q denotes the number of satellites in the constellation, P denotes the
number of orbital planes in the constellation and F denotes the phase factor of the constellation
[21]. In the Walker constellation, assuming that a is the number of a particular satellite, the
ascending node equinox V, and the ascending node angular distance ¢, of that satellite are
expressed as (1):

Pa—1

V, = 360 (P, =1,2,-+,P)

1
¢a=360§(Qa—1)+36og(Pa—1) (Qa=1,2,,U—1) W

where U denotes the total number of satellites in each orbital plane in the Walker constellation,
P, denotes the number of satellites in orbit, and Q, denotes the number of the orbit in which
satellite a is located.

The LEO layer satellites were selected from the Walker constellation in the configuration
64/8/1, with an orbital altitude of 800 KM and an orbital inclination set at 60°, with 64 LEO
satellites evenly distributed over 8 orbital planes. The purpose of adding three GEO satellites
to the LEO layer satellites is to fuse the information sensed by the LEO satellites with the GEO
satellites to give a spectrum decision, and three GEOs will enable coverage of all LEO
satellites. Fig. 1 shows the GEO/LEO double-layer satellite network topology.
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Fig. 1. GEO/LEO satelllte network topology

3.2 Information fusion algorithm

In this paper, a soft judgment fusion algorithm is used. After the LEO sensing satellite has
completed the local sensing data acquisition, it does not give a judgment result but uploads the
collected raw data to the GEO information fusion center. Therefore, even if a small error
occurs during the transmission process, it will not affect the final verdict. This fusion method
increases the complexity of the algorithm but improves the detection probability. The data
transmission process is shown in Fig. 2.

Perceptual data collection

Frequenc.rzinge 1 Perception data upload
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Frequency range i

Fig. 2. Schematic of GEO soft judgment

4. Intelligent spectrum sensing

The interplanetary spectrum sensing algorithm should keep the detection probability while
keeping the sensing delay and energy consumption as low as possible. The algorithm in this
paper consists of three parts: the interplanetary link situational sensing phase, the
interplanetary spectrum state sensing phase, and the sensing quality assessment phase.

4.1 Interstellar link situational sensing

Visibility between two satellites is a prerequisite for establishing a link for inter-satellite
spectrum sensing. In general, two conditions are generally met for satellite visibility:
geometric visibility and antenna visibility.
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4.1.1 Geometric visual conditions

Assuming that R, denotes the radius of the Earth, as shown below, the communication links
of satellite S, and satellite S are tangent to the atmosphere at that moment.

Fig. 3. Sat;élliffé égometry view
From Fig. 3, satellite S, and satellite Sy establish an inter-satellite link as in (2).

( 04 > —Pga 0or O > —[yp

Bap = arccos [ Re+h]
AB Re+dg

Re+h
Bpa = arccos
Re+dp

)

where 8, denotes the pitch angle of satellite Sp relative to satellite S, and 6 denotes the pitch
angle of satellite S, relative to satellite Sg. Translating the above equation into a distance is
expressed as (3).

Lip<y/(Re + dp)? = (R + )% + {/(R, + dp)? — (R, + h)? ®)

4.1.2 Antenna visibility conditions

An inter-satellite link can only be established between satellites if both satellites are in the
scanning range of both antennas, as shown in Fig. 4.

Fig. 4. View of the satellite dish

For satellites S, and Sy to satisfy the chain building condition, they should also satisfy the
relationship in (4).
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04 >v4—90° or 0 >yg—90° (4)
Translate the above equation into a distance representation as (5).
Lag> (R, +dy) cosys+(R, + dg)cosyg (5)

In summary, the conditions for the establishment of an inter-satellite link between the two
satellites are as follows:

(R, +dy)cosy, + (R, + dB)cosyB<LAB<\/(R€ +dy)?— (R, +h)?+
VR, + dp)? — (R, + h)? (6)

4.2 Inter-satellite spectrum state sensing

In the interplanetary spectrum state sensing phase, the transmission loss of the signal in the
channel is first objectively analyzed and then the received signal is detected using ANN-based
energy detection to determine the occupation status of the band.

4.2.1 Path cost of sighal transmission

Based on the wide area of satellite coverage, it is assumed that the sensing satellite can receive
signals in M frequency bands, with M signals denoted as x = [x;, x5, -, x]7. When the
signals are transmitted in the channel, they will be interfered by Doppler shift, path fading ,and
noise, affecting the signal quality at the receiving end. Fig. 5 shows the inter-satellite channel
transmission model, assuming M Gaussian noise signals as n = [ny,n,, -+, ny]".

I
|
I
I
|
I
I
|
I
I
1
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I
Source —— Doppler shift »  Path loss > »  Sink
i NI |

Fig. 5. Inter satellite channel model diagram
The resulting Doppler shift is given by (7).

_f. vl Ry _ . Rv
fa=71"7% IR||v] f IR (7)

where £ is the carrier frequency (Hz) transmitted by the satellite, c is the speed of light in a
vacuum (m - s~1), R is the distance vector and v is the velocity vector.
When the unit of d is km and the unit of f is GHz, the free space propagation loss ¢ is
given by (8).
A2 c?

5 = (4m)2d? - (4mdf)? (8)
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Then the signal received by the sensing satellite is y = [y, y,, -+, ¥ ]" and the frequency

isf+ fg.

yi=&xx;+n; ,i=12,-- M 9

4.2.2 ANN-based multi-node inter-satellite spectrum sensing algorithm

Spectrum sensing is the detection of the presence of a signal x(t) in a frequency band, a
problem that can be translated into a binary hypothesis test, with H, indicating that only noise
is present, i.e., the spectrum is free, and H, indicating that a signal is present, i.e., the spectrum
is occupied.

n(t) :H,

YO =, oy @ iy, O (10)

The most common and simplest method of spectrum sensing is energy detection [22]
(Energy Detection, ED), which is a non-coherent detection process. As shown in Fig. 6, in the
energy detection method, after the signal y(t) is received, N denotes the number of signal
sampling points, and the cumulative energy at N points of this signal is calculated and then
compared with the threshold value A indicating the noise energy, thus completing the detection
of the signal. The traditional energy detection method does not use a priori knowledge of the
signal and is not complicated to implement, but it is difficult to set a suitable threshold,
especially at low SNR, where noise will annihilate the less energetic signal, making the
performance of the energy detection method fall off a cliff.

\ 4

{E<A :H,
E>A :H

y(®) ) 1
—» ADC —» BPF —» FFT —» |FFT| NZ|FFT|2 >

Fig. 6. Flow chart of energy detection method

The fixed spectrum allocation method makes a large portion of the designated spectrum
used occasionally, resulting in low spectrum utilization. Therefore, intelligent spectrum
sensing technology is needed to deal with the problem of low spectrum efficiency. Intelligent
spectrum sensing can find available spectrum resources in both space and time dimensions,
effectively improving spectrum utilization efficiency. The combination of the energy detection
method with support vector machines (SVM) in Saber et al. [23] is well validated in Bicalis et
al. [24]. This paper combines the energy detection method with a neural network and proposes
an ANN-based energy detection method (ANN-ED), as shown in Fig. 7. The algorithm
replaces the energy and threshold comparison part with an ANN module, to improve the
detection probability at low signal-to-noise ratios.

Assuming that the number of samples of the received signal through the BPF is N’, the
|FFT|? of these samples is used as input to the neural network, which is used to automatically
adjust the weight of each |FFTJ? and then give an objective spectral decision. The algorithm
makes full use of the simplicity of the energy detection method and the robustness of the neural
network to find the characteristics of the received signal with and without x(t) by means of
the neural network, solving the problems of the traditional energy detection method in terms
of difficulty in setting thresholds and deteriorating performance at low signal-to-noise ratios.



988 Yang et al.: An ANN-based Intelligent Spectrum
Sensing Algorithm for Space-based Satellite Networks

Ho

A4

y(t) Decision
—» ADC —» BPF —» FFT —» [FFT? ANN >

H1

Fig. 7. ANN-based energy detection flow chart

Most traditional energy detection methods are based on single signal-by-signal detection.
Using the wide area of sensing satellite coverage, signals from several different frequency
bands are received simultaneously, and the occupancy status of multiple frequency bands can
be detected simultaneously. The ANN-based multi-node energy detection method is shown in
Fig. 8.
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Fig. 8. ANN-based multi-node energy detection flow chart

In the GEO information fusion center, the signals are weighted and fused when receiving
signals from different frequency bands sent by sensing satellites. The magnitude of the
received SNR determines the assignment of the weighting coefficients [25], which are
calculated as (11).

Yi (11)

b= /Zﬁl}’i

where y; denotes the SNR of the ith signal received, i = 1,2,---, M.

The quantized received signal is Y =[BY1,B:Ys -, BuYu]t . where Y; =
Vi1, Vizo > Vinl, t = 1,2,-++, M. Assuming that the satellite's BPF bandwidth is Fs and the
spectrum sensing period is T, according to Nyquist's sampling theorem, the satellite's sampling
frequency is 2Fs when the information of the original signal can be preserved intact. The
filtered signal is then subjected to an FFT, noted as Y (f) = [Y1(f), Y2(f), -, Y ()], where
Yi(f) = W (), Yo (), -+, Yinr (], i = 1,2, M.

The input to the ANN is then expressed as (12).

|Y11(f)|2 |Y12(f)|2 |Y1N:(f)|2
XyxN' = Y(f) = |Y21(f)|2 : IYZZ(f)lz . |Y2N’:(f)|2 (12)

Vs (DI Y2 (DIF - 1Yy (I
The ANN internal formula is given by (13).
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Wy Wiz WOy’ Uyp Ug Uim
W31 Wy WaN' Uz Upp Uzm
_ T
bixm = : - [pn']” + : : (13)
W, W SRR O U1 Upy Uy

where each row of the input matrix x,;, + corresponds to the |FFT|? of one received signal
sampling point, the matrix w,;, represents the weight matrix, each element corresponds to
the weight of each input point, and [ represents the number of hidden layer neurons. each
column of b;y,, corresponds to the computed result of one received signal.

In this paper, the sigmoid function is chosen as the activation function. This function is
non-linear and can approximate any function.

1

f) =—= (14)
Then the output of ANN is given by (15).
s=flby) =[51 S2 - spy] (15)
where,
(1, si>¢
1= {0, other (16)

s denotes the output of the sigmoid activation function, if s; =0, it means the detected

band is spare, if s; =1, it means the detected band is occupied, { denotes the decision threshold.
i=12,-,M.

4.3 Sensing quality assessment

The quality of the sensing is assessed by two indicators, namely the spectrum sensing latency
and the energy consumption. In the process of spectrum sensing, it is important to keep the
sensing latency as low as possible and the energy consumption as low as possible, while
ensuring the probability of detection.

The nodal delay within the star is assumed to be T, (g, i), which is the signal processing
delay after signal i is received by sensing satellite g; g denotes the sensing satellite that
received the frequency request, i denotes the signal received in band i, where g = 1,2, --- ,64
andi=1,2,---,M.

1

TL(ng)zN'W'i't (17)

where Fsgpr(g, i) denotes the sampling frequency of the signal in the ith band received by
sensing satellite g, and t denotes the system time delay during the in-satellite judgment of the
spectrum state.

Assuming that E denotes the perceived energy consumption of a sensing session, combined
with the perceived time delay, the objective function and constraints are given by (18).
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min{E} = min {Ejgog; + Ei} (18)
s.t.Yg =1,2,-,64, Vi=12,,M

Errogi = PreogiTL(g,1)
E,=N-bg-E,
T.(9,0) < Thnax

where Py g g4; denotes the power of the ith signal received by sensing satellite g, E; denotes
the energy consumption of the GEO satellite to adjudicate the ith band state, E, denotes the
energy consumption at the receiving end, and T,,,,, denotes the maximum time delay within
sensing satellite g during spectrum sensing.

5. Simulation results and analyses

5.1 Inter-satellite Spectrum Sensing Scenarios

In this paper, we use STK to create a GEO/LEOQ double-layer satellite network, naming the
64 LEO satellites as LEO,, g = 1,2,---,64. 3 GEO are named GEO, ¢ = 1,2,3. 3 GEOs
evenly distributed in GEO. LEOL is selected as the sensing satellite and the sensing time is
0:00 am on April 17, 2022, denoted as t,. LEO operates at a period of approximately 80 min,
with 8 satellites in each orbit, so the sensing period is set to 10 min and the visibility matrix is
updated every 10 min.

The sensing satellite receives signals from several different frequency bands and then
uploads the raw data to the GEO Information Fusion Centre, which adjudicates the spectral
state of the LEO layer through its powerful computing and storage capabilities. Simulations
using Satellite Tool Kit software yielded 2D and 3D plots of the Walker constellation, as
shown in Fig. 9.

Fig. 9. GEO/LEO double Iayerconstellation constructed by STK

5.2 Simulation of real spectrum environment

This paper simulates the interplanetary channel scenario using a white Gaussian channel with
a sensing spectrum of 300 MHz-800 MHz and a bandwidth of 500 MHz, setting the bandwidth
of a single band at 10 MHz, which can be divided into a total of 50 bands. In order to simulate
the real satellite spectrum environment, the signal needs to be simulated. In this paper, the
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inter-satellite service signal (FM signal) is generated based on the ON/OFF source model,
assuming that the signal arrival process obeys Poisson distribution with parameter 4, the
average interval time of signal arrival obeys exponential distribution with parameter x, and

the signal duration obeys geometric distribution with parameter €. The model parameters are
set as shown in Table 1.

Table 1. Model parameter settings

Model parameter Parameter value
A 0.2
u 5
€ 0.2
Tmax/ms 2
E./n] 50
by/bit - st 1

All 64 LEO satellites and 3 GEO satellites are taken, and the visibility relationship between
satellites is analyzed by STK to get the satellite's chain building at any moment, then the
satellite's visibility matrix is imported into MATLAB through the interface, and the satellite's

channel (300 MHz-800 MHz) is modeled by MATLAB to simulate the path loss and Doppler
shift between satellites.

Visual State

=

| 2
GEO
Fig. 10. Visual relationship diagram of LEO1 and GEO

Fig. 10 shows the visual relationship between LEO1 and GEO satellites at that moment.
The visual relationship between the sensing satellite LEO1 and GEO satellites is obtained by
interplanetary situational awareness, where 1 indicates that the two satellites are visible and
an interplanetary link can be established, and 0 indicates that the two satellites are not visible.
From the Fig. 10, we know that LEO1 is visible with GEO1 and GEO2, and LEO1 will
establish an interplanetary link with GEOL.

I
T

Spectrum of signal | 4

Frequency/Hz % 108

Fig. 11. Service signal spectrum
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Fig. 12. Occupancy status chart for each frequency band

At the moment t,,, the spectrum of the service signal generated by the source model is
shown in Fig. 11. The signal is then analyzed for spectrum occupancy, and Fig. 12 shows the
occupancy of the signal from 300 MHz to 800 MHz, with 1 indicating that the band is in the
occupied state and 0 indicating that the band is in the spare state. At the moment t,, bands 10,
15, 30 and 40 are occupied and the rest of the bands are spare.

5.3 Performance evaluation of the ANN-ED algorithm

In this paper, the ANN module contains an input layer, a hidden layer and an output layer
with a total of three topologies. In the actual satellite spectrum environment, the SNR is not
constant, so signals with different SNRs are required for training the network to improve the
detection performance of the network. MATLAB is used to generate a signal database that
consists of FM signals with different SNRs (SNRe[-25dB, -5dB]) of FM signals and Gaussian
white noise signals, where the FM signal corresponds to an output of 1 and only the Gaussian
white noise corresponds to an output of 0. The number of sampling points N of the signals is
4096. To ensure that the number of signals meets the test requirements, we compare the
detection probabilities P, of different numbers of signals (I=20), as shown in Table 2.

Table 2. Detection probability for different numbers of signals

Signal Type Training Test Pa
1 Signal aer Noise 1400 700 0.9871
Noise 200 200
5 Signal aer Noise 2800 1400 0.9829
Noise 400 400
3 Signal aer Noise 3500 2100 0.9857
Noise 800 800

The detection performance of the network with SNRe[-25dB, -5dB] is shown in Table 2.
By comparing the detection probabilities of different numbers of training and test sets, it is
clear that the detection probability of class 1 is the highest. Then we divide the training set and
test set for class 1 data. And the detection probability of the network at different division ratios
is shown in Table 3.
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Table 3. Detection probabilities for different division ratios

Signal Type Training Test proportion Pa
Signal aer Noise 1200 900 32 09171
Noise 300 100
Signal aer Noise 1400 700 16:9 0.9871
Noise 200 200
Signal aer Noise 1500 600 7:3 0.9314
Noise 250 150

From Table 3, it can be seen that the network with the division ratio of 16:9 has the best
detection performance and the best performance of the neural network, which can guarantee
the correctness of the test results. Combining the results in Table 2 and Table 3, within
SNREe[-25dB, -5dB], taking a step size of 1, each SNR corresponds to 100 FM signals, for a
total of 2100 FM signals, and then 400 Gaussian white noise signals are generated, and the
signal database is composed of these 2500 signals. Each FM signal corresponds to a label of
1, and each noise signal corresponds to a label of 0. After disordering the 2100 FM signals,
the training and test sets are divided in the ratio shown in Table 4.

Table 4. Division of data sets

Signal Type Training Test
Signal and Noise 1400 700
Noise 200 200

The overall detection performance of the network at SNRe[-25dB, -5dB] can be obtained
by training the network with the ratios divided in Table 4.

To determine the number of neurons in the hidden layer, this paper uses a more intuitive
approach by testing the spectral detection probability P; and the false alarm probability Py of
the system under different numbers of neurons. Table 5 shows the detection performance of
the system with different numbers of neurons.

Table 5. Detection performance of a different number of neurons

l Py Py

5 0.9829 0.0138
10 0.9771 0.0288
20 0.9857 0.0138
40 0.9929 0.0075
60 0.9814 0.0163
80 0.9843 0.0088

It can be seen that the system has the best detection probability of 0.9929 and false alarm
probability of 0.0075 when the number of neurons is 40 and the SNRe[-25dB, -5dB].

After training the neural network, the spectral environment with different SNRs in Section
5.2 is then simulated. The sensing satellite LEO1 uploads the received signals of different
frequency bands to the GEO1 information fusion center, and GEO1 weights the signals of
different frequency bands by SNR, and then applies these two methods to judge the occupancy
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status of each band separately. A comparison of the detection performance of the ANN-ED
method with the traditional energy detection method for SNR€e[-25dB, -5dB] is given in Fig.
13. Where the number of Monte Carlo experiments for each SNR case is set to 1000.
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Fig. 13. Probability diagram for spectral detection by different methods

Fig. 13 shows the comparison of the detection probability of different spectrum detection
methods at different SNRs. The performance of the traditional energy detection method drops
precipitously at low SNRs, with a probability of only about 10% at a SNR of -11 dB. The
detection probability of ANN-ED method at low SNR is greatly improved, reaching 90%
detection probability at SNR of -19 dB. The detection probability reaches 100% at a SNR of -
10 dB. This is because it is very difficult to set the threshold value in the conventional energy
detection method. When the SNR deteriorates, a noisy signal with very high interference is
recognized as a useful signal, and therefore a weak signal with low energy cannot be
recognized.

The performance improvement of the algorithm proposed in this paper has the following
reasons. First, the proposed algorithm trains the ANN with the signal and noise at each SNR
and the corresponding spectral state, and through continuous optimization, automatically finds
the relationship between signal and noise at different SNRs, with a high probability of
detection even when the SNR deteriorates. Secondly, the Al algorithm is introduced into the
traditional energy detection method, which combines the simplicity of energy detection
method and the robustness of neural network, and is able to detect the occupation status of
multiple frequency bands at the same time, effectively improving the efficiency of spectrum
detection. Finally, the proposed algorithm only needs to sample N’ points in the signal that
can pass through the filter passband, which reduces both the latency and energy consumption
of the system, thus reducing the overhead of spectrum sensing for the entire satellite network.
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Fig. 14. Relationship between sensing delay and sensing number of times

The relationship between the sensing delay and the number of sensing times is shown in
Fig. 14. As the number of spectrum sensing times increases, the sensing delay of the traditional
energy detection method and the ANN-ED method gradually increases, and the delay of the
ANN-ED method is much smaller than that of the traditional energy detection method, because
the traditional energy detection method has to detect each signal one by one, while the ANN-
ED method can detect signals of multiple frequency bands at the same time, which makes the
spectrum sensing delay significantly reduced.
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Fig. 15. Relationship between sensing energy consumption and sensing number of times

The energy consumption of sensing versus the number of sensing times is shown in Fig.
15. For the ANN-ED method, when the transmission rate is 1 bit - s~ and the number of
sensing times is 12, the sensing energy consumption is approximately 53.7 mJ, which is much
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lower than that of the traditional energy detection method. Because the traditional energy
detection method requires all nodes sampled in the system to participate in the energy detection
at each detection, while the ANN-ED method only requires some of the nodes N', the system
sensing can make the energy consumption much smaller than the traditional energy detection
method even though the delay is guaranteed to be low.

6. Conclusion

In this paper, an ANN-based intelligent spectrum sensing algorithm for space-based satellite
networks is proposed to make fast and effective judgments on the spectrum status of LEO
satellites with the help of the strong computing power of GEO satellites. A two-layer satellite
network consisting of 3 GEO satellites and 64 LEO satellites is constructed. In the inter-
satellite link situational sensing phase, the visibility relationship between satellites is analyzed
to obtain the visibility matrix between satellites at the current moment and set the detection
period to periodically update the visibility matrix between satellites. In the inter-satellite
spectrum state sensing phase, the sensing satellite LEO uploads the sensing information to the
GEO information fusion center, and then the GEO applies the trained ANN-ED algorithm to
make objective judgments on the received signals and give spectrum decisions. In the sensing
quality assessment phase, the sensing delay and sensing energy consumption are analyzed.
The simulation results show that the ANN-based energy detection method has a higher
detection probability and less delay and energy consumption for spectrum sensing than the
traditional energy detection method. Finally, the topological changes of the satellite network
are detected periodically and the visual matrix of the satellite is corrected in real time.

In future research, we will consider how to further improve the spectrum detection
probability and reduce the spectrum sensing delay based on the research work in this paper,
and implement the spectrum allocation based on the spectrum sensing algorithm proposed in
this paper.
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