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Abstract 

Automatic Dependent Surveillance-Broadcast (ADS-B) is a critical technology to trans-
form aircraft navigation by improving safety and overall effectiveness in the avia-
tion industry. However, overlapping of ADS-B signals is a large challenge, especially 
for space-based ADS-B systems. Existing traditional methods are not effective 
when dealing with cases that overlapped signals with small difference (such as power 
difference and carrier frequency difference) require to be separated. In order to gener-
ate an effective separation performance of the ADS-B signals by exploring its tem-
poral relationship, Independently Convolutional Gated Recurrent Neural Unit (Ind-
CGRU) is presented for encoder–decoder network construction. Experimental results 
on the dataset SR-ADSB demonstrate that the proposed Ind-CGRU achieves good 
performance.
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1  Introduction
Automatic Dependent Surveillance-Broadcast (ADS-B) is a modern air traffic manage-
ment technology that sends the position, speed, altitude and other necessary informa-
tion of the aircraft to the ground control center in real time [1–4]. It can improve the 
safety and efficiency of air traffic. In addition, ADS-B signals can provide pilots with 
real-time traffic information to help them better avoid hazards during flight. For space-
based ADS-B system, ADS-B receivers are placed on low-orbiting satellites instead of 
ground [5], which can avoid some complex environments such as deserts and ocean. 
However, the ADS-B signals are easily overlapped due to the large number of aircraft, 
resulting that the location information of targeted aircraft cannot be efficiently obtained 
[6]. It is a vital and large challenge to separate the mixed space-based ADS-B signals. To 
solve this problem, many methods [7–10] based on array antenna have been proposed 
for ADS-B signal separation. For example, the project algorithm (PA) [8] is developed to 
separate multiple secondary surveillance radar signals. Nevertheless, the direction angle 
difference between overlapping signals is less than the array resolution, methods based 
on array-antenna cannot separate overlapping signals efficiently. In this case, single 
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antenna-based methods will be utilized and become increasingly important. However, 
single antenna-based signal separation still remains an open problem.

Up to now, there are two mainstreams for ADS-B signal separation, namely traditional 
separation methods and deep learning-based separation methods. Depending on algo-
rithm principle, traditional separation methods can be classified into three categories for 
single antenna-based ADS-B signal separation. For the first approach  [11–13], ADS-B 
signals are separated based on their power difference. However, this approach is limited 
to small power difference between overlapping signals. The second approach  [14–16] 
uses the carrier frequency difference to separate overlapped signals. Note that the large 
carrier frequency difference is required for most methods, which needs at least 200 kHz 
carrier frequency difference. The third approach  [17, 18] is to use other ADS-B signal 
characteristics to separate overlapped signals, such as pulse position modulation (PPM) 
[18]. But these methods also cannot effectively separate overlapping signals with a small 
power difference, small carrier frequency or small relative time delay.

With the development of deep learning in signal processing [19, 20], many methods 
have been proposed for ADS-B signal separation due to powerful capability of deep 
learning in feature extraction. In existing methods, complex neural networks [21] and 
temporal convolutional networks  [22, 23] are used to extract valid features for single 
antenna-based ADS-B signal separation. But these methods utilize convolution net-
work and cannot extract effective temporal information. To capture long-term relation-
ship between overlapping signals, recurrent neural network (RNN) is more suitable 
for ADS-B signal separation. Unfortunately, when using RNN, deep features of origi-
nal ADS-B sequence cannot be directly extracted since it is so long. In general, origi-
nal ADS-B sequence is segmented to construct the 2D matrix. Using RNN to effectively 
extract space-time information from 2D matrix is an open problem. In this paper, we 
will explore the RNN-based method for ADS-B signal separation.

In this work, we improve independently recurrent neural network (Ind-RNN) [24] to 
design the independently convolutional recurrent neural network (Ind-CRNN). Com-
pared to traditional RNN, Ind-CRNN can better exploit the temporal context and spa-
tial information. Ind-CRNN is the basic component to develop a deep Independently 
Convolutional Gated Recurrent Neural Unit (Ind-CGRU). We follow the paper [25] to 
construct encoder–decoder architecture. In separation network, Ind-CGRU is utilized 
to build dual-path network that captures dual temporal information and generates sepa-
ration masks effectively. Extensive experiments have been performed on SR-ADSB data-
set [23]. The average decoding accuracy is 90.40% and the bit error rate is 0.26% on the 
SR-ADSB dataset, which illustrates that the proposed method performs better than tra-
ditional RNN.

The rest of this article is structured as follows. Section  2   provides a review of the 
relevant literature. The Ind-CGRU is proposed in Sect.  3. Extensive experiments and 
detailed analysis are given in Sect. 4 . Section 5 concludes the paper.

2 � Related work
Some related and representative works on single antenna-based ADS-B signal separa-
tion are introduced in this section. They can be categorized into two approaches: tradi-
tional features-based and deep learning-based.
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2.1 � Traditional feature‑based ADS‑B signal separation

According to the description in introduction, traditional feature-based ADS-B signal 
separation can be divided into three categories. The first category is to utilize power dif-
ference between overlapping signals. However, this category can only separate two over-
lapping signals and is easily affected by the power difference. For instance, Wu et al. [11] 
proposed an additive classification algorithm and used a k-means clustering algorithm 
to estimate signal amplitudes under different bit combinations of strong and weak sig-
nals as thresholds. The bit values of strong and weak signals corresponding to each pulse 
on the overlapping signals are judged to separate signals. This method can separate the 
overlapping signals with more than 3 dB power difference effectively. The performance 
of the algorithm will decrease when the power difference is less than 3 dB. Yu et al. [12] 
proposed the reconstruction cancellation method. Firstly, the common receiver is used 
to decode the overlapping signals to obtain the strong signal information, and then the 
amplitude value of the strong signal is estimated to recover the signal waveform. Sec-
ondly, the overlapping signal is subtracted from the strong signal waveform to obtain the 
weak signal. However, the weak signal cannot be recovered when the input signal-to-
noise ratio (SNR) of the overlapping signals is low or the power difference between the 
two signals is large. Li et al. [13] proposed a blind separation algorithm based on time 
domain. Firstly, the amplitude of the first and last signals is estimated as the threshold, 
and then two signals are obtained by differentiating from the overlapping signals. Finally, 
the bit values of the two signals are estimated based on the threshold. But the method 
requires a certain relative time delay between the overlapping signals, and the method is 
invalid when the signals are completely overlapped.

The second category is to use carrier frequency difference information to separate 
overlapping signals. But this category requires a large carrier frequency difference. For 
example, Galati et  al. [14] proposed projection algorithm single antenna (PASA) algo-
rithm. It is the first to reconstruct the single-antenna signal for multi-antenna signal 
processing. The multi-antenna deinterlacing algorithm PA is used to separate the ADS-B 
signals. Finally, the separated signal is changed into the form of single antenna again 
by matrix inverse transformation. However, this method needs relative time delay and 
at least 240 kHz carrier frequency. In order to solve the problem of relative time delay, 
Shao et  al. [15] proposed an improved PASA and the matrix reconstruction form of 
single-antenna signal transformed into multi-antenna signal is improved, and only 0.5 
us data reconstruction matrix is used to estimate the signal guidance vector. But it also 
requires 300 kHz carrier frequency difference. Lu et al. [16] proposed the self-detection 
and separation algorithm based on empirical mode decomposition (EMD). The EMD 
method is used to decompose single-antenna signals into multimode IMF, which forms 
multichannel signals with overlapping signals, and FastICA algorithm is used to separate 
multichannel signals. At least 300 kHz carrier frequency difference is required for this 
method. Wang et al. [26] proposed an ADS-B overlapping signal separation method for 
a single antenna based on MVDR algorithm. The samples received by a single antenna 
within every 0.5 us are reconstructed using the same matrix form as described in the 
literature [15] to obtain the virtual multichannel data structure. Then, the Zoom-FFT 
algorithm is used to accurately estimate the carrier frequency of the signal, calculate the 
virtual guiding vector of the signal and finally, the MVDR algorithm is used to separate 
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the signals. However, this method can only separate overlapping signals with more than 
400 kHz carrier frequency difference.

The third approach is to use other features of ADS-B signals. Luo et  al. [17] used 
the sparse characteristics of ADS-B to separate signals based on compressed sensing 
method. First, ADS-B signal’s data set are built, and sparse dictionary of ADS-B signals 
is obtained using K-SVD algorithm. Then, separated signals are obtained by using OMP 
algorithm including sparse base and mixed matrix initial value calculation. The algo-
rithm is insensitive to relative delay and signal power difference, but the accuracy of the 
algorithm is determined by the selection of data set and residual threshold. Li et al. [18] 
proposed a single-antenna MDA algorithm using PPM coding characteristics of ADS-B 
to separate signals. Firstly, the reconstruction matrix form of single antenna converted 
into multiple antennas is adopted. Then, MDA algorithm is used to separate signals, and 
finally, multi-antenna signals are converted into single antenna forms. The algorithm can 
separate multiple overlapping signals, but the accuracy decreases when the relative delay 
between signals is greater than 30 us. In general, traditional feature-based ADS-B signal 
separation methods can work under certain conditions such as large carrier frequency 
difference.

2.2 � Deep learning‑based ADS‑B signal separation

Currently, some works based on convolutional networks have been proposed for ADS-B 
signal separation. For example, Yang used the Hilbert transform for overlapping sig-
nals and a complex neural network [21] is utilized to generate deep features for signal 
separation. However, this method ignores temporal information and has a relatively low 
decoding accuracy. In order to solve this problem, Wang et al. [22] used the TCN net-
work to build an encoder–decoder framework, which is similar to Conv-TasNet [25]. 
But the long temporal information is not sufficiently captured in this method. Bi et al. 
[23] proposed a multi-scale convolutional separation (MCS) network to separate ADS-B 
overlapping signals. Convolutional layers with different convolutional strides are used 
to capture long temporal information and improve decoding accuracy. From the com-
parison of results, it can be seen that deep learning-based separation methods perform 
better than traditional feature-based methods. However, CNN cannot effectively explore 
long temporal information and RNN is good at capturing temporal relationship. To 
the best of our knowledge, this is the first research that explores the RNN networks for 
ADS-B signal separation.

3 � Proposed method
We follow the Conv-TasNet [25] to build our ADS-B signal separation network, as 
shown in Fig. 1. The proposed signal separation network consists of three modules: the 
encoder, separation network, and decoder. Firstly, ADS-B overlapping signals are fed 
into encoder to generate an adaptive 2-D representation. Then, segmentation operation 
is used to segment 2-D representation and generate 3-D representation, and separa-
tion network is utilized to generate effective masks from 3-D representation. In order 
to obtain the same size of 2-D representation, the overlap-Add is used to transform 3-D 
features into 2-D representation in separation network. Finally, the decoder separates 
the overlapped signals from the output of encoder and separation masks.
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3.1 � Encoder module

In encoder module, 1D convolution with a large kernel is used as a feature extractor to 
generate an adaptive 2D feature. For an ADS-B overlapping signals sequence x ∈ R

1×L , 
it is transformed into 2D feature xk ∈ R

C×M by using 1D convolution with kernel size K, 
where L is length of ADS-B overlapping signals, C is the number of convolutional ker-
nel and M is length of feature. In order to reduce computation, the convolutional stride 
is set to K/2. After 1D convolution, M is still large, and RNN is not working due to the 
problem of gradient exploding. To solve problem, segmentation operation is used to split 
xk into 3D feature xs ∈ R

C×N×P , where N is length of chunk. And the stride of chunk is 
N/2. If it is not divisible, a zero-padded operation is used.

3.2 � Separation network

The separation network is a vital part in the whole ADS-B signal separation network, 
and the quality of feature masks determines the precision of ADS-B signal separa-
tion. From Fig. 1, we can see that it consists of six dual-path Independently Convolu-
tion Gated Recurrent Unit (Ind-CGRU) modules, one overlap-Add module and one 1D 
Conv. Compared with traditional RNN, dual-path Ind-CGRU can explore more spatial-
temporal information to generate effective feature masks.

In order to capture intra- and inter-chunk features, dual-path Ind-CGRU contains 
two sub-blocks, namely intra-Ind-CGRU block and inter-Ind-CGRU block, as shown in 
Fig. 2. For two blocks, it uses the same networks including one Ind-CGRU, one 1D Conv 
and one LayerNorm layer to explore intra- and inter-chunk temporal information. In 
this paper, bidirectional operation is used in Ind-CGRU to capture more temporal infor-
mation. Then, a 1D Conv with a 1*1 convolution kernel is used to compress the features. 
The compression features are normalized and added to input as output.

In this paper, we design an independently convolution recurrent neural network (Ind-
CRNN) as the basic component to develop Ind-CGRU as shown in Fig.  3. In order to 
keep spatial structure and reduce temporal sensitivity of starting point, the convolution 
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ADS-B overlapping 
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Fig. 1  The framework of signal separation network. It consists of encoder, separation network and decoder. 
The encoder is featuring extractor, and separation network is to generate effective mask. The mask can select 
vital features of each separated signal from the encoder feature and feed into decoder to generate separated 
ADS-B signals
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operation is used instead of matrix multiplication in Ind-CRNN. To explore more spatial-
temporal information, Ind-CRNN is used to construct Ind-CGRU and it can be expressed 
as:

(1)zt = σ(wz ∗ xt + uz ⊙ ht−1 + bz)

(2)rt = Relu(wr ∗ xt + ur ⊙ ht−1 + br)

Layer Norm

1D Conv

Ind-CGRU

Layer Norm

1D Conv

Ind-CGRU

Input

Output
intra-Ind-CGRU

Inter-Ind-CGRU
Fig. 2  The structure of dual-path Ind-CGRU. It consists of intra-Ind-CGRU and inter-Ind-CGRU​
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 where w and u are convolution weight and recurrent weight, respectively. ∗ and ⊙ repre-
sent convolution operator and Hadamard product, respectively.

The 3D feature xs ∈ R
C×N×P is fed into dual-path Ind-CGRU with six layers and 

gets new 3D feature x′s ∈ R
C ′

×N×P , where C ′ is hidden units of dual-path Ind-CGRU. 
In order to transform it back to a 2D sequence, x′s ∈ R

C ′
×N×P is fed into Overlap-Add 

module that is a reversed operation of segmentation. Then, a 2D feature xt ∈ R
C ′

×M is 
generated. In order to get the same size as encoder feature, a 1D convolution with 1*1 
kernel is used to transform xt into feature mask x′

t
∈ R

i×C×M , where i is the number of 
signal separation.

3.3 � Decoder module

After the separation network, an effective mask x′
t
 is generated and Sigmoid activation 

function is used to normalize mask for each separated signal. Then, Hadamard product 
between each mask and output of encoder is utilized to generate feature representation 
of each non-overlapping ADS-B signal. Finally, the 1D deconvolution is used to optimize 
feature into one dimension ẍ ∈ R

i×L . The whole process can be expressed as:

where Dcov is 1D deconvolution and xk is output of encoder.

4 � Experiment
In the paper [23], it has a detailed comparison between deep learning-based method and 
different traditional methods. And the deep learning-based method largely outperforms 
the traditional methods. So, we will not discuss the traditional methods in this paper.

4.1 � Implementation details

Our proposed Ind-CGRU is performed in the SR-ADSB Dataset. The two RTX 6000 
GPUs and PyTorch platform are used in all experiments. We use Adam optimization 
function with 0.001 initial learning rate to train model. When the validation loss is not 
declining in three epochs, the learning rate is divided by 10. The convolution kernel size 
K and channel C of encoder are set to 4 and 256, respectively. The chunk length N is set 
to 180. The hidden unit C ′ is 128. The batch size is set to 6. We follow paper [25] to use 
negative scale-invariant source-to-noise ratio as loss function.

4.2 � Dataset

Semi-real ADS-B dataset (SR-ADSB) [23]: To the best of our knowledge, SR-ADSB is the 
largest dataset in ADS-B signal separation. The SR-ADSB consists of 360,000 samples. 
Two-thirds of the samples are used for model training and remaining samples are test 
data. It is collected from different signal-to-noise ratio (SNR), carrier frequency and rel-
ative delay. For SNR, 5 dB, 10 dB, 15 dB, 20 dB and 25 dB are used. And power difference 

(3)
∼

h t = σ(wh ∗ xt + rt ⊙ ht−1 + bh)

(4)ht = (1− zt) ∗ ht−1 + zt ∗
∼

h t

(5)ẍ = Dcov(xk ⊙ Sigmoid(x′
t
))
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between two signals is set to 0 dB, 1 dB and 2 dB for each SNR. The carrier frequency of 
the signals is set to 9 MHz, 9.5 MHz, 10 MHz, 10.5 MHz and 11 MHz. The carrier fre-
quency difference between two signals is set to 0 Hz, 500 Hz, 1000 Hz and 1500 Hz. 0 μs, 
5 μs, 10 μs and 20.3 μs relative time delay are used in SR-ADSB.

4.3 � Ablation study

4.3.1 � Comparison with different network parameters

In this section, the effectiveness of our proposed Ind-CGRU is validated from different 
network parameters, namely K, C, N and C ′ . And the comparison results using decoding 
accuracy are listed in Table 1. The decoding accuracy is the percentage of the correctly 
decoded signals number in the total number of received signals. In the table, we change 
one parameter and fix other parameters to compare the results. From the table, it can be 
seen that proposed Ind-CGRU perform better when K is set to 4 for SR-ADSB dataset. 
And the decoding accuracy is lower with smaller parameter C due to not fully mining 
the encoder feature. But when parameter C is large enough, decoding accuracy is not 
improved largely. Hence, the parameter C is set to 256 in this paper. For parameter N, it 
has similar result for using different N. When N is about the same as P, namely N = 180, 
it performs better for proposed Ind-CGRU. For parameter C ′ , it will have lower decod-
ing accuracy for using smaller C ′ and have similar result for using 128 and 256. But it has 
computational complexity with using 256. And C ′ is set to 128 in our experiment.

4.3.2 � Comparison of different RNN modules

In order to verify the effectiveness of our proposed Ind-CGRU, we compare different 
RNN modules, and the results are listed in Table 2. From the table, bidirectional opera-
tion can improve explore more temporal information and improve decoding accuracy. 
And the Ind-RNN performs better than RNN, GRU and LSTM in term of decoding 
accuracy and bit-error rate. Where the bit-error rate is the ratio of the erroneous bits 
number to the total number of signal bits. And our proposed Ind-CRNN outperforms 
bidirectional Ind-RNN. Moreover, Ind-CGRU can further improve decoding accuracy, 
which verifies the effectiveness of our proposed method.

Table 1  Comparison of different parameters on the SR-ADSB dataset

K C N C
′ Decoding 

accuracy 
(%)

2 256 180 128 90.21

4 256 180 128 90.40

8 256 180 128 89.96

4 64 180 128 87.65

4 128 180 128 88.62

4 512 180 128 90.41

4 256 100 128 90.05

4 256 160 128 90.21

4 256 200 128 90.18

4 256 180 64 89.32

4 256 180 256 90.42
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4.4 � Analysis of different signal parameters

To analyze influence of different signal parameters on proposed Ind-CGRU, we list the 
results from power difference, carrier frequency difference and relative time delay as 
shown in Figs. 4, 5 and 6, respectively. From Fig. 4, it can be seen that, proposed Ind-
CGRU is affected by low SNR and power difference. With the increase of SNR and power 
difference, the decoding accuracy will be improved rapidly. For carrier frequency differ-
ence, it mostly performs well, except for signal with low SNR and 0Hz carrier frequency 
difference. Compared with power difference and carrier frequency difference, relative 
time delay is least affected, and it performs better in low SNR. From three figure, we can 
see that the results are easily affected by low SNR, which provides a clear direction to 
improve performance using deep learning to separate ADS-B signals.

4.5 � Results on the SR‑ADSB dataset

The comparison between the existing deep learning-based methods and the proposed 
method on the SR-ADSB dataset is shown in Table 3. It can be seen that 1-DAMRAE 

Table 2  Comparison of different RNN modules on the SR-ADSB dataset

Method Decoding accuracy (%) Bit-error 
rate (%)

RNN 86.64 0.52

Bidirectional RNN 87.74 0.44

GRU​ 87.54 0.44

Bidirectional GRU​ 88.42 0.35

LSTM 87.66 0.48

Bidirectional LSTM 88.39 0.45

Ind-RNN 88.02 0.40

Bidirectional Ind-RNN 89.22 0.33

Ind-CRNN (Bidirectional) 89.81 0.30

Ind-CGRU (Bidirectional) 90.40 0.26

Fig. 4  The decoding accuracy of Ind-CGRU on signal power difference
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is lightweight network and cannot perform good on large dataset due to lack of model 
complexity. Bidirectional LSTM-based separation method is worse than temporal con-
volutional network-based separation method due to losing spatial information. The 

Fig. 5  The decoding accuracy of Ind-CGRU on carrier frequency difference

Fig. 6  The decoding accuracy of Ind-CGRU on relative time delay

Table 3  Comparison of different methods on the SR-ADSB dataset

Method Decoding accuracy Bit-error 
rate (%)

1-DAMRAE [27] 82.45 0.98

Conv-tastNet [25] 88.48 0.45

Bidirectional LSTM [28] 88.39 0.45

Transformer [29] 88.80 0.44

MConv-TasNet [23] 90.34 0.27

Proposed Ind-CGRU​ 90.40 0.26
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Transformer-based separation method is better than these methods. However, MConv-
TasNet using different scale temporal information outperforms TCN, bidirectional 
LSTM and Transformer-based methods. Our proposed Ind-CGRU can perform better 
than MConv-TasNet. We also show the original ADS-B signals and separated ADS-B 
signals in Fig. 7. In this figure, overlapping signals with 20.3 μs relative time delay, 2 dB 
power difference and 0 Hz carrier frequency difference is used. From the figure, it can be 
seen that separated signals are highly consistent with the original ADS-B signals.

5 � Conclusion
This paper proposes a novel Ind-CGRU for the space-based ADS-B signal separation 
with a single antenna. The Ind-CGRU effectively takes the advantages of GRU and con-
volution models in exploiting temporal information and mining spatial information 
respectively to improve the separation performance. The efficacy of proposed method 
has been verified on SR-ADSB datasets. Compared with the previous deep learning-
based methods, proposed Ind-CGRU can perform better. However, it has higher compu-
tational complexity, compared with CNN-based methods. In the future, we will optimize 
Ind-CGRU to design lightweight model and improve robustness to SNR.
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