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Abstract. In thesphereofair surveillance, theAutomaticDependentSurveillance-
Broadcast is a valuablemethod.However, theADS-Bsystemsuffers fromaconsid-
erable overlap issue, and has a significant influence on signal decoding, resulting in
incorrect decoding or even data loss. A complicated neural network-based separa-
tion approach for ADS-B overlap signals is presented in this paper. Taking the two-
signal overlap as the research object, the simulation data set is generated. After the
Hilbert transform of the overlap ADS-B signal, it is input into the complex neural
network, and finally the predicted waveform of the source signal is output to real-
ize ADS-B signal separation. Experiments have shown that the technique is more
efficient and has a lower error rate than previously proposed algorithms.

Keywords: Blind source separation · ADS-B · Complex neural network ·
Hilbert transform

1 Introduction

As an important air surveillance technology, automatic dependent surveillance broadcast
(ADS-B) has the capability of tracking aircrafts in civil aviation. When the aircraft
initiates a transmission of relevant information such as altitude, speed, latitude, and
others, the data link makes it available to others. Other aircrafts decode and obtain
information when receiving these data, so as to realize global surveillance [1, 2]. For
the time being, the majority of ADS-B systems are based on the ground-based ground
station to monitor the airspace.

ADS-B on land faces the problem of signal overlap. When multiple signals collide
and overlap at the receiver, the demodulation module will result in incorrect decoding or
even loss of critical information, reducing the security and reliability of the surveillance
system. To avoid this situation, the overlap signals must be separated and the separated
signals must be decoded to obtain the correct information [3]. The methods provided by
the ICAO document standard can only receive one correct signal, limiting surveillance
capacity. Nicolas Petrohilos advocated the Projection Algorithm (PA) and Extended
ProjectionAlgorithm (EPA), which contributed significantly to the field ofADS-B signal
separation [4–7]. Wang [8] used the Alternating Direction Method of Multipliers to the
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nonconvex blind adaptive beamforming issue. FastICA can also separate overlapADS-B
signals under certain conditions [9].

Advances in deep learning have led to its widespread application in the analysis
of anomalies, channel identification, and speech recognition [10–14]. More recently,
deep learning-based modulation signal categorization algorithms have increased [15–
17]. Zhang [18] applied the lightweight deep neural network to the modulation recog-
nition of electromagnetic signals. Adversarial attack is also one of the most concerned
research directions in the field of artificial intelligence security [19]. At present, the
application of deep learning in the field of blind source separation is mostly limited
in the separation of speech signals. Wang [20] applied deep learning to single channel
speech signal separation, and achieved good results. The application of deep learning
in ADS-B field is mainly used to classify ADS-B signals. Yang [21] used deep learning
to classify ADS-B signals and ACARS signals. At present, the common deep learning
is based on real value, and some recent studies show that complex numbers have more
abundant feature representation ability than real numbers. Trabelsi established the deep
complex convolution neural network (CV-CNN) for the first time in 2017. Tu [22] val-
idates the superior performance in automatic modulation classification achieved by the
complex-valued networks. Soorya [23] utilizes neural networks with complex weights
to learn fingerprints. In this paper, the simulation ADS-B signal data set is generated,
and the complex neural network is built. The signal after Hilbert transform is used as
the input to get the estimated source signal.

2 Additional Background Knowledge

2.1 Signal Structure

This paper deals with the ADS-B signal in 1090 MHz format. The length of an ADS-B
signal is typically 120 μs or 64 μs, This work focuses on the long signal, which has two
different elements: an 8 μs preamble and a 112 μs data block. The preamble section
contains four pulses of 0.5 μs length at 0 μs, 1 μs, 3.5 μs, and 4.5 μs, respectively. The
data block of ADS-B signal is modulated by Pulse PositionModulation (PPM). Figure 1
depicts the structure of an ADS-B signal.
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Fig. 1. ADS-B signal structure
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2.2 Collision Pattern

Instead of requesting ahead of time, the ADS-B transmitter sends advisories and infor-
mation depending on the pre-defined conditions and the state of the aircraft. Aircrafts
spend the most of their time in the air in a constant condition. The aircraft is steady in the
air, delivering 5.6 signals each second. The ADS-B signal is a bit sequence sent by each
aircraft, and data from different planes will be delivered concurrently, resulting in signal
overlap scenarios similar to the Aloha event. Because this collision mode accounts for
the vast majority of occurrences, this study looks at what happens when two ADS-B
signals collide.

3 Data Set Generation and Complex Neural Network

3.1 Data Set Generation

At present, it is hard to obtain effective measured data set of ADS-B overlap signal, so
this paper has done a lot of related work on how to establish ADS-B signal data set.
This study explores how to separate the overlap signals of two ADS-B signals, therefore
generating all the overlap signals in the data set as a result of two ADS-B signals being
seen to overlap in a given way under different situations.

Considering the difficulty and heavy workload of simulating the data sets in different
signal time delay, different signal power difference and different SNR, the data set
simulated in this paper is the overlap of two signals, and the time delay is 5 μs, 17 μs
and 50 μs. The source signals’ power differences are 2 dB, 3 dB, and 4 dB, respectively,
the signal-to-noise ratio range is 5 dB–25 dB, and the interval step length is 5 dB.We first
perform Hilbert transform on an ADS-B overlap signal, and then separate the real part
from the imaginary part. The form of each signal stored in the data set can be regarded
as the stitching of the real part and the imaginary part, in which the first half of each data
is the real part, and the second half is the imaginary part. Among them, each data set is
90000 groups of signals, in which there are two source signals and one overlap signal.
Figure 2 shows each signal in the dataset.

Fig. 2. Each group of signals in the dataset
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3.2 Complex Neural Network

In order to realize the equivalent operation of 2D convolution in the complex domain, the
complex filter matrix h = x+ iy can be convoluted by the complex vectorW = A+ iB.

W ∗ h = (A ∗ x − B ∗ y) + i(B ∗ x + A ∗ y) (1)

Figure 3 shows the schematic diagram of complex convolution operation, whereMI and
MR represent the imaginary part and real part characteristic graphs respectively, KI and
KR represent the imaginary kernel and real kernel respectively.

Fig. 3. Schematic diagram of complex convolution operation

In this paper, the real and imaginary parts of convolution operations are represented
by matrix representation: [�(W ∗ h)

I(W ∗ h)

]
=

[
A −B
B A

]
∗

[
x
y

]
(2)
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Batch normalization method can accelerate the learning speed of deep network, and
batch normalization is very important for model optimization in some cases. However,
because the standard formula of batch normalization is only applicable to real values,
the batch normalization formula of complex values is adopted in this paper. Not only
the input layer is normalized, but also the input of each middle layer is normalized.

In this paper, the problem is considered as a two-dimensional vector problem, which
means that the data can be scaled according to the square root of the variance of the two
principal components. This step can be completed by multiplying the 0-centered data
(x − E[x]) by the reciprocal of the square root of the 2 × 2 covariance matrix V:

x̃ = (V)−1/2(x − E[x]) (3)

The normalization process can decorrelate the imaginary part and the real part of the
element, which may avoid over fitting. This algorithm uses two parameters β and γ , in
which the shift parameter β is a complex parameter and the scaling parameter γ is a
2 × 2 semi positive definite matrix.

Since the variance of real part and imaginary part of normalized input x̃ is 1, this
chapter initializes γrr and γii to 1/

√
2, so that the variance modulus of normalized value

is 1. Multiple batch normalization is defined as:

BN(̃x) = γ x̃ + β (4)

In the training and testing process, the moving average with momentum is used to
maintain the estimation of the normalized statistical data of the complex batch. The
moving average values of Vri and β are initialized to 0, the moving average values of
Vrr and Vii are initialized to 1/

√
2, and the momentum of the moving average line is set

to 0.9.
Proper weight initialization can avoid vanishing gradient. Therefore, the method of

deriving complex weight parameters is as follows:
The complex weight has both polar and rectangular forms:

W = |W|eiθ = �{W} + iI{W} (5)

where, θ and |W| is the phase and amplitude of W.

4 Experiments

4.1 Experimental Setup

In the problem of data set selection, 5/6 of the data set is randomly selected as the training
sample, 1/6 as the verification set and test sample for testing, and the data set is generated
by random sampling.

In this experiment, the input of complex neural network is overlap signal waveform,
and the output is two source signal waveforms predicted by complex neural network.
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4.2 Evaluating Indicator

The evaluation indexes considered in this chapter are bit error rate and the similarity coef-
ficient commonly used in traditional blind source separation. The definition of similarity
coefficient is as follows:

ρ = cov(x, y)√
cov(x, x)cov(y, y)

(6)

where, cov(x, y) = E
{
[x − E(x)]

[
y − E(y)

]}
is the variance of x and y.

When the separated signal y approaches the source signal x, the similarity coefficient
ρ approaches 1.

4.3 Experiment and Analysis

Experiment with the separation efficacy of overlap ADS-B signals by selecting two
ADS-B signals at random, with a power difference of 3 dB between them, the time delay
is 50 μs, and the SNR is 20 dB. Figure 4 shows the two original source signals as well
as the overlap signals, and the input signal of neural network is shown in Fig. 5.

Fig. 4. Source signal and overlap signal

Fig. 5. Input signal of neural network

The output of the complex neural network is shown in Fig. 6. The real part of the
intercepted output signal is shown in Fig. 7.
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Fig. 6. Output signal of neural network

Fig. 7. Real part of output signal of neural network

As seen in Fig. 7, the actual sections of the two prediction signals generated by the
complex neural network are comparable to the waveforms of the original signal in Fig. 6.
It can be seen that complex neural network has the ability to separate ADS-B overlap
signals.

The separation performance of the complex neural network is tested under the con-
ditions that the two source signals have 2 dB, 3 dB, 4 dB power difference, the time
latency between the two source signals is 5 μs, 17 μs and 50 μs, and the SNR is 5 dB,
10 dB, 15 dB, 20 dB and 25 dB.

When there is a 3 dB power differential between two signals and a 17 μs time delay,
the curves of bit error rate of different algorithms vs SNR are presented in Fig. 8, and
Table 1 shows the time consumption of different methods.
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Fig. 8. Curve of bit error rate with SNR for different algorithms

Table 1. Separation time of different separation algorithms

Algorithm Time (s)

FastICA 0.0419

PA 0.0828

Complex neural network 0.0014

As can be seen fromFig. 8, the complex neural network separation algorithm is better
than traditional FastICA algorithm and PA algorithm. When the SNR is 5 dB and the
power difference between the two ADS-B source signals is 3 dB, the BER is lower than
9%. It can be seen from Table 1 that the separation speed of the complex neural network
reaches the millisecond level, which is significantly less than the other two algorithms.

When the two source ADS-B signals have different power differences, the curve of
bit error rate changing with SNR is shown in Fig. 9, where the power differences are
2 dB, 3 dB and 4 dB; the SNR is 5 dB–25 dB. The similarity coefficient of separated
waveform under different conditions is shown in Table 2.

This Fig. 9 shows that when the power difference between the source signals grows,
the bit error rate drops. When the source signal has a power differential of 3 dB or 4 dB,
the bit error rate is quite low. The greater the gap between the levels of the two sources,
the less the influence on bit error rate is. Signal power difference sources increase in
SNR, which causes the bit error rate of the same source signal power difference to drop
simultaneously. When the power difference between the source signals is 4 dB and the
SNR is 25 dB, the bit error rate is 1.8%. The similarity coefficient improves fast as the
power difference between source signals and SNR grows. When the strength difference
between source signals is 4dB, the similarity coefficient is 0.9314.
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Fig. 9. Curve of bit error rate with SNR under different source signal power difference

Table 2. Similarity coefficient of separated waveform under different conditions

Power ratio SNR

5 dB 10 dB 15 dB 20 dB 25 dB

2 dB 0.8053 0.8152 0.8474 0.8479 0.9203

3 dB 0.8782 0.9105 0.9127 0.9170 0.9230

4 dB 0.8860 0.9144 0.9181 0.9261 0.9314

5 Conclusion

This paper studies the application of deep learning in the separation of ADS-B overlap
signals, and proposes a method of ADS-B signal separation based on complex neural
network. The simulation data set is used in the experiment. The input of the complex
neural network is the waveform of the overlap signal after Hilbert transform, and the
output is the waveform of the two source signals predicted by the neural network after
the Hilbert transform. The first half of each signal is the real part of the signal after
Hilbert transform, and the second half is the imaginary part of the signal after Hilbert
transform. Simulation results demonstrate that ADS-B signal separation algorithm based
on complex neural network has better performance index, and bit error rate is lower than
traditional algorithm. The time consumption reaches millisecond level, which can deal
with large-scale signal overlap situation.
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