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Abstract

Spectrally efficient frequency division multiplexing
(SEFDM) is a bandwidth-compressed non-orthogonal
multicarrier communication scheme, which provides
improved spectral efficiency compared to orthogonal
frequency division multiplexing (OFDM) system. The
loss of orthogonality yields the self-introduced inter-
carrier interference (ICI) complicating the equalizer
design. In this work, a deep learning (DL) -based
SEFDM equalization scheme is proposed to
characterize the ICI and to detect the transmitted
information bits. The DL-based equalization scheme is
trained offline using randomly-generated data and then
deployed online. The performance of the equalization
scheme is tested by extensive numerical simulations.
The results show that the proposed equalization scheme
outperforms the linear equalization based equalization
scheme, such as zero forcing (ZF), minimum mean
squared error (MMSE) and truncated singular value
decomposition (TSVD), under additive white Gaussian
noise (AWGN) channel in terms of the bit-error rate
(BER). Especially for BPSK, the uncoded BER
performance approaches the traditional OFDM even
for the compression ratio of 0.7, which saves the
bandwidth by 30%.

Keywords: Deep neural networks, Equalization scheme,
Non-orthogonal signal, Bandwidth-com-
pressed multicarrier

1 Introduction

Orthogonal frequency division multiplexing
(OFDM) is a successful approach to achieve high-
speed data transmission, which is widely adopted
multicarrier modulation scheme in wireless
broadband communication nowadays. In OFDM,
the complex information symbols are modulated
onto orthogonal subcarriers, where the frequency
separation of subcarriers equals to the OFDM symbol

rate. To improve the transmission rate and spectral
efficiency in OFDM, higher order modulation is
required at the cost of higher signal-to-noise-ratio
(SNR). Further, the transmission is more sensitive to
the channel impairments such as the multi-path
propagation or the nonlinear effects.

In 1975, Mazo’s work [1] presented that the data
symbols could be transmitted at a rate 25% faster
than the Nyquist rate while maintaining optimum
performance [2]. Such spectral efficiency
improvement method (Faster-than-Nyquist signaling
(FTNS)) was later extended to both time and
frequency domains by Rusek et.al [3], and a time-
frequency compressed single carrier FTNS (TFC-
SC-FTNS) scheme to improve the spectral
efficiency via two dimensions simultaneously
proposed by S. Wen et al. [4]. In 2003, a new non-
orthogonal multi-carrier scheme, termed spectrally
efficient frequency division multiplexing (SEFDM),
was proposed to improve the spectral efficiency by
reducing the spacing between the subcarriers [5]. As
an underlying technique, SEFDM is required in
future communication networks to address the
coming challenges in Internet of Vehicle (IoV) and
Smart City Applications [6-7]. However, due to the
violation of Nyquist principle, such systems suffer
from the self-introduced inter-carrier interference
(ICI), which complicates the equalization scheme
design. The maximum-likelihood (ML) detection
achieves the optimum system performance, but
facing an NP-hard problem due to the exponentially
growing complexity [8], and it was shown not
computationally feasible [5]. On the other hand, with
much reduced complexity, the classical linear
equalization methods, including zero forcing (ZF),
minimum mean squared error (MMSE) [9],
truncated singular value decomposition (TSVD) [10],
were utilized to deal with the ICI-spoiled symbols,
but failing to provide competitive BER performance
for moderate bandwidth savings or number of
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subcarriers. A detailed view of the history of
SEFDM could be found in [11].

1.1 Related Work

Deep learning (DL) and deep neural networks
(DNNs) are efficient tools to model complex
problems. DL has shown its great potentials in the
areas of computer vision, natural language
processing, speech recognition and so on [12]. Also,
DL is a promising approach for such communication
systems, in which the implementation complexity
is extremely high, or the mathematical models of
some communication modules (e.g., channel model)
are hard to build up. H. Ye et. al employed DL to
channel estimation and symbol detection in OFDM
system [13], showing advantages over the
conventional methods, e.g., MMSE. It is established
in [14], that the transmitted symbols can be
recovered from the inter-symbol interference (ISI) -
corrupted received signal by DL method. [15] gives an
overview on DL and a comprehensive overview on the
application of deep learning for the physical layer can
be found in [16]. Inspired by the conclusion that DNN
can learn complex interference features using back
propagation mechanism. We choose DNN as the
network architecture to implement the equlization
scheme because it connects all the input neurons and
can consider the effects from both adjacent neurons
and non-adjacent neurons [17].

1.2 Contribution

The contribution of this paper can be summarized as
follows:

We proposed a DL-based equalization scheme,
combining the equalizer and symbol demapper to
handle the ICI and correlated noise in SEFDM system.

The proposed equalization scheme can learn the
features from raw data automatically instead of manual
extraction. With the a priori knowledge of
communication and DL, such as the output range of the
activation function, the DNN structure has been

tailored, obtaining four types of DNN based
equalization scheme for further performance
improvement.

*We have carried out comprehensive evaluations to
verify and analyze the proposed DL-based equalization
scheme for bandwidth-compressed multicarrier
Communication. The simulation results show that our
equalization scheme achieves excellent BER
performance, compared with the linear equalization
schemes, and very close to that of the BPSK-
modulated OFDM without ICI on the additive white
Gaussian noise (AWGN) channel.

The rest of this paper is organized as follows. Sec.
2 introduces the SEFDM system and describes the
linear equalization based equalization scheme. The DL
principles are briefly introduced in Sec. 3, followed
by developing the DL equalization scheme. In

Section 4, numerical results are presented to verify
the proposed scheme. Finally, some conclusions are
drawn in Section 5.

2 Traditional Equalization Scheme for
Bandwidth-compressed Multicarrier
Communication

2.1 The Principle of SEFDM Signaling

SEFDM is a bandwidth compressed non-orthogonal
multicarrier communication technique that can be
viewed as a subcarrier spacing compressed version of
OFDM. In an OFDM system with N subchannels, the
high-speed serial data stream is divided into N low-
speed parallel streams, which modulated on a group of
mutual orthogonal subcarriers. The above modulation
behavior can be performed by inverse discrete Fourier
transform (IDFT). Therefore, the OFDM signal can be
expressed as

&= J2rn(t-=IT
Yorm () ZZSlnexp[ (T )], (1)
l —0 n=0
where S, (being / the time index and n the

carrier index) are the transmitted symbols and the
subcarrier spacing is Af =1/T. As to SEFDM, the

spacing is compressedto « /T ,where « iscalled the
bandwidth compression factor (BCF) and 0 <a <1,
Consequently, the bandwidth saving from SEFDM
] (l—a)><100%. Then, the transmitted signal (1) is

changed as

xSEFDM t
l —o0 n=0

=338, p(—’ 2rnes IT)]. @

Without loss of generality, the first time slot is
considered, i.e., /=0 and 0<¢t<T . Meanwhile, it
is convenient to deal with the discrete-time SEFDM
signal obtained by sampling the continuous-time

. . T .
signal (2) at times k— , where Q= pN and p is

the oversampling factor, typically equals to 1. Then
the O-point sequence {x[k]} is given by

x[k] = fzs (ﬂfgakJ .

where 0<k<Q-1 and 1/\/5 is the scaling factor

for normalization. In matrix notation, (3) is written
as

X=0S @)
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where § is the symbol vector of N samples, and X
is the discrete-time SEFDM signal of O samples. @

isa Ox N matrix, i.e.

1 1 1 e 1
1 a)lxl a)]xZ a)]x(N—l)

¢ — 1 . 1 a)le 2x2 a)Zx(Nfl) (5)
1 @@ He-bH< @@ V=D

where, o =exp(j27a/Q).

Due to the violation of orthogonality, SEFDM
signals cannot be generated directly by conventional
IDFT, but can be generated as a sum of multiple
IDFT outputs [18]. In our model, the SEFDM
signal is transmitted through the AWGN channel.
At the equalization scheme, the multiple DFTs is
employed to demodulate the received signal [19],
yielding the observation R,

R=0"X+0"Z=0"0S +0"2Z=CS+27Z, (6)

Where []H denotes the conjugate transpose. Z, is

the vector of correlated noise samples. C =®@"® is

coefficients in correlation matrix are
1¢ j27rakm] ( j27raknj
C, n =—) €Xp -exp| —
0 , m=n
1—exp(j27ra(m—n)) @)
,m#n
l—exp(jZﬁa(m—n)/Q)

1 ,m=n

1
=—x

= exp(jmx(m—n)) sinc(a(m—n))

exp(—j;z'a(m—n)/Q) . sinc(a(m—n)/Q) ’

In the case of ¢=1, then C=1, ie., no ICI
introduced where it becomes the OFDM.

2.2 Linear
Scheme

m#n

Equalization Based Detection

Practically, the suboptimal linear equalization was
developed to retrieve the transmitted symbols from
the ICI-spoiled observation according to some
criteria, e.g., ZF and MMSE. Hence, we give an
illustration of SEFDM system employing linear
equalization methods as depicted in Figure 1.

the cross correlation coefficient matrix. The
e /* Chandl
|
Transmitted Sp AWGN To
Information Bits Channel Receiver
|
b I
N SO 7
7" Traditional Linear Equalizatioo N
Received SEFDM Multiple DFT P/S Output
Signal Demodulation Bits
U
/
/ /DEeB Learning gﬁasgdfa walization \‘
Received SEFDM Multiple DFT  Information Bits Recovery P Output
Signal Demodulation (Deep Learning Based) Bits

Figure 1. SEFDM system model based on linear equalization and DL-based equalization scheme

The ZF equalization can be expressed as
S,.-G,.R-(C"C)"' C"R, 8)
where S, denotes the estimated symbol vector. The

MMSE equalization is implemented as

N
S insp = Grpss R =C" [CCH + “—21] R (9

Oy

2 2 . .
where o and o denote the noise and signal
power.

With the increase of the subcarrier number and the
decrease of « , the correlation matrix C becomes
ill-conditioned and singular [20]. To solve this
problem, the pseudo inverse of C is used to produce
a better quality [21-22]. The method is called the
Truncated Singular Value Decomposition (TSVD),
which discards the small singular values. First, a
SVD of'is performed as

c=uzy" 10)
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where U and V are unitary matrixes, i.e., U'U =1,
Vi =1 3X=diag(o, 0, 0,) is the diagonal
matrix formed by the singular values of C . Then the
pseudo inverse of matrix C is given by

c' =vzU" (11)
Where Cgil indicates the pseudo inverse, and
1 1 1 : .
—dzag —,—,,—,0,..,0 | with £, being the
o, O, o

truncation index. The optimal truncation index is given
by [7]:

E=[aN |+1.
Where ]'] denotes the celling operation. The

(12)

TSVD method ignores the small singular values and
forces their reciprocals to zero when computing '
In this way, the TSVD equalization method avoids
amplifying the input noise and, preventing the further
degradation of the system performance. The estimated

received symbols can be expressed as

S\‘TSVD - GTSVDR C R (13)
3 DL-based Equalization Scheme for
Bandwidth-compressed Multicarrier

Communication

In this section, we develop a new equalizer and
demapper joint design based on DL for the SEFDM
system. The system block is shown in Figure 1. After
training, the DNN is utilized to retrieve the transmitted
information bits.

3.1 Deep Learning Basics

DNNs are neural networks that have multiple
layers of different perceptrons. The structure of
DNN is shown in Figure 2.

Deep Neural Network

» O 9) @) O . @ O
" O 9) @) @) N @ HOr—
Input ' Output

" O 9) O o~ @O
" O ) ) O— @— O

Hidden Hidden Hidden Hidden Output
[nput Layer Layer Layer Layer Layer La)y

Figure 2. The DNN model

Each layer of the network consists of multiple
neurons, with a nonlinear function alled activation
function computing the weighted sum of the
preceding layer. The activation function generally
includes the Sigmoid function, the Relu function, or

the tanh function, which are defined as
1
fSigmoid (a) = 1 + eia >
Jea(a)=max(0,a) and f,(a )=tanh(a)=ea;z_a

respectively. Hence, the output of the DNN can be
expressed as:

AL f[l ( l]x-i-b[l])

201 (B (0 )
=M ) (14)

p=zH 2 f[L-l](W[L-l] -2 b[“]).

where superscript [/] denotes the quantity associated

with the /-th layer; x and y are respectively the input

and the output of the DNN; Z ' is the output of the

[-th layer, and f [ is the activation function. W

and 5" are respectively the weight matrix and bias
vector. The DNN can be formulated as an abstract
function:

y=2 = f(x:6)= f[L—l]( f[L—zJ(... fm(x))) (15)

where 6 denotes the set of parameters in the neural
network, which needs to be optimized before the
online deployment.

3.2 DNN Based SEFDM Equalization Scheme
Design

The observation R is The DNN based SEFDM
equalization scheme architecture is also illustrated in
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Figure 1. The observation R is As we know, the
source bits are regularly assumed to be Bernoulli
distributed, with values of 0 or 1. The transmitter
modulates the information bits in proper forms to fit
the channel. The purpose of the equalization scheme
is to find a proper architecture to retrieve the
information bit sequence. That is to say, the
equalization scheme needs to recover the
information bits from the observation while there
exists different kinds of distortions, from the
transmitter, the channel, and even the equalization
scheme itself. The final output of the equalization
scheme is the estimated bits, also with values of 0 or
1. Therefore, in communication system, the output of
the DNN requires predicting the value of a binary
variable. Sigmoid units are suitable for Bernoulli
output distributions and classification problems with
two classes can be cast in this form [9]. In the study,
we adopt the Sigmoid function in the output layer of
our developed DNN.

From (15), we design an abstract function, of
which the input is from the received symbols and the
output estimates are the information bits. Then we
give the expression of the function:

X =f(R;0) (16)

where X is an estimate of the transmitted bit vector
X . From the definition of Sigmoid in Sec. III, we
know that the Sigmoid returns values restricted to the

open interval (0,1). A simple design is thereby to train

the model to minimize the difference between the
output of the DNN, and the information bits from the
source. In the designed DNN-based detector, hence, we
use the mean squared error to portray the difference,

£(0)=|x- X“z (17)

We perform the system training in a supervised
manner by using a set of labeled data. The DNN
parameter vector ¢ is iteratively updated via
RMSPropOptimizer aimed at minimizing the loss

E(H) over a mini-batch from the training set, given

by (15). After the training, the output of the DNN is
a vector of real numbers restricted in (0,1) that are

close to the original information bits. In the stage of
the online deployment, it is reasonable to use a
comparator gate with threshold of 0.5, to force
output to 0 or 1, as the output bits. The received
complex information symbols are divided into the
real and imaginary parts, and then sent into the DNN.
A detailed illustration of Information Bits Recover
part in Figure 1 is given in Figure 3.

Rea @ O
Part @ Z@D:

[Re(R), Im(R)]
\

Imagnary /
Part C\ Q
4

Hidden Layer

Input Layer

C >
-
Comparator Output

N
ZQ_}] = J\ Gt Estimated

f[u](w[f.fqz[:r:] +b[""l) ‘l/ BiEIL )

: < = [z
AR e
O

Output Layer

Figure 3. The implementation of the block of Information Bits Recovery

The number of layers and the number of neurons in
each layer influence the system performance
significantly. The DNN design relates to the SEFDM
system configuration, such as the compression factor,
the modulation constellation, the prototype filter. We
present two kinds of DNNs which have different
numbers of neurons. One is the narrower one there
contains less neurons, and a wider one with more
neurons.

Another aspect that affects the performance is the
activation function. The activation function
introduces the non-linearity to make DNNs possible
to handle complex problems. Different activation
functions have different effects on the DNN based
equalization scheme because of the different output
range. Since the information symbols are in
normalized constellations, whose range in value is

usually in [—1, 1]. According to the definition in Sec.

III-A of the Relu and tanh function, the output
range of Relu is [0,+). As for tanh, the range is

(=1, +1). The two kinds of activation functions are

designed in the DNN-based equalization scheme to
investigate the system error-rate performance.

4 Simulation Results

In this section, simulation results are presented to
verify the developed DL-based SEFDM detection
scheme. The number of subcarriers of the SEFDM
system is chosen as 64, and the oversampling factor p
is 1. In the simulation, we assume perfect

synchronization and perfect knowledge of the noise
variance for the MMSE detectors. In the simulation
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platform, we consider a few typical values of BCF «,
including 0.9, 0.8, and 0.7. We use BPSK and QPSK
as the modulation formats and no forward error
correction (FEC) codes are considered in our system.
Without exhaustive hyperparameters (i.e., the number
of layers and the number of neurons in each layer)
optimization, the DNNs are manually optimized to
achieve an optimal performance. All the DNNs we
considered contain 5 layers. The numbers of neurons in
the layers of the narrower DNN are respectively 128,
512, 256, 128, 64(for BPSK)/128 (for QPSK), labeled
as “DNN-n” in the BER plots. For the wider one, the
numbers are 128,2048, 1024, 512, 64 (for BPSK)/128
(for QPSK), then labeled as “DNN-w”. The output
layer is fixed using the Sigmoid function, while the
other layers adopt the same activation function,
specifically, we only consider Relu and tanh, refered
to as “relu DNN” and “tanh DNN” in the plots. The
performance of the equalization scheme based on
four different DNNs, i.e., “relu DNN-n”, “relu
DNN-w”, “tanh DNN-n” and ‘“tanh DNN-w”, is
examined, respectively. The optimizer for DNN we
utilized is the RMSProp with learning rate decay. The
training SNR is set to 2 dB SNR per bit (Eb/NO). The
networks are trained with randomly-generated data for
a known a, and then deployed online to assess the
system performance. The models are trained with
50000 batches of data, and each training batch
contains 1000 SEFDM symbols.

Figure 4 to Figure 6 demonstrate the BER
performance of the BPSK-SEFDM system with
different values of « . From the BER plots, it
follows that the DL-based scheme outperforms the
conventional linear equalization schemes, and
achieves a bandwidth saving by up to 30%. In the
high bandwidth compressing case when o =0.7 DL-
based equalization scheme could improve the
performance by at least 3 dB at BER of 1072, and an
obvious improvement in higher Eb/NO range, which
means that the characteristics of the ICI and the
correlated noise can be learned by the DNN in the
training stage. Moreover, the combination of
equalizer and demapper could help improve the
performance. Meanwhile the BER plots marked as
“tanh DNN-n” are very close to the performance
reference of OFDM system without ICI, which shows
a significant performance improvement, even no FEC
codes used in the system. The results also show that
the network with tanh activation function has a
better performance than Relu, which improves the
BER performance by approximately 0.5 dB at BER
of 107 for all BCFs, since the output range of the
tanh is more suitable for the equalization scheme
output. With the same activation function, DNN-n
outperforms DNN-w, resulting from a fact that there
are more weights in DNN-w to be trained in the
learning stage.

10° T . T T . T T T T
T:——+———|————+———|-———-o———+———|———+——+——ﬁ-
104‘""’\@‘ 4
1072 E
w 10 T
S
—%— OFDM
4| |m+-zF
107 F | —o -MmsE
—% -TSVD
—-B--relu DNN-n h
10° F relu DNN-w 3
—---tanh DNN-n 4
tanh DNN-w
108 . | . L | L | ) L
0 1 2 3 4 5 6 7 8 9 10
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Figure 4. BER versus Eb/NO, a=0.9, BPSK
modulation
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Figure 5. BER versus Eb/NO, a=0.8, BPSK
modulation
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Figure 6. BER versus Eb/NO, a=0.7, BPSK
modulation
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The BER performance, for QPSK modulation,
is depicted in Figure 7 to Figure 9. Compared with
the BPSK signaling schemes, the performance of
proposed scheme degrades significantly as «
decreases Nevertheless, there still shows some
improvements in BER, compared with the linear
equalization based schemes. From Figure 7, the
performance is also improved by 3 dB at BER of

1072 with the network “tanh DNN-w” when a = 0.9.

However, other networks fail to improve the
performance in this case. As for higher bandwidth
compression when a =08 and «a=0.7 the
performance improvement degraded significantly,
even though there still shows some improvements in
high SNR ranges, as depicted in Figure 8 and
Figure 9. For QPSK, DNN-w network shows better
performance, which means the QPSK is more
complex and needs more parameters to characterize.
In general, the tanh activation function also brings
some performance gain.

10°

102 E
K 4
w 10
—%— OFDM
4| |m+-zF
10 -G -MMSE
—% -TSVD
—-B--relu DNN-n
107 relu DNN-w
—%--tanh DNN-n
tanh DNN-w

Eb/NO (dB)
Figure 7. BER versus Eb/NO, a=0.9, QPSK
modulation
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~%--tanh DNN-n | 4 12
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Figure 8. BER versus Eb/NO, a=0.8, QPSK

modulation
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Figure 9. BER versus Eb/NO, a=0.7, QPSK
modulation

5 Conclusion

In this paper,we propose a novel DL-based
equalization scheme for SEFDM non-orthogonal
multicarrier ~ communication  system,  which
outperforms the conventional equalization schemes.
The neural network is trained over randomly-
generated data and learns the interference features of
SEFDM system automatically. Numerical results
demonstrate the scheme can effectively improve the
BER performance. The simulation results show that
the DL method has advantages when solving ill-
conditioned problems. However, the proposed
scheme works on condition that the number of
subcarriers is fixed. When we want to change the
number of subcarriers, we have to train another NN,
which inspires us to do more indepth research in the
future, on the network design of the DL-based
SEFDM equalization scheme.

Acknowledgments

This research was supported in part by Youth
project of science and technology research program
of Chongqing Education Commission of China.
(KJQN201801231,KJQN202001229, JQN201901236,
KJQN201901231), in part by the Chongqing Basic
and Advanced Technology Research Project
(cstc2018jcyj-AX0202, cstc2019jcyj-msxm1328), in
part by Open Fund of Chongqing Collaborative
Innovation Sub-center of Geological Environment
Monitoring and Disaster Warning of Three Gorges
Reservoir (YB2020C0201, MP2020B0202).

References

[1] J. E. Mazo, Faster-than-Nyquist signaling, The Bell System
Technical Journal, Vol. 54, No. 8, pp. 1451-1462, October,



1008 Journal of Internet Technology Volume 22 (2021) No.5

1975.

[2] J. E. Mazo, H. J. Landau, On the minimum distance
problem for Faster-than-Nyquist signaling, /EEE Transactions
on Information Theory, Vol. 34, No. 6, pp. 1420-1427,
November, 1988.

[3] F. Rusek, J. B. Anderson, The two dimensional Mazo limit,
Proceedings of International Symposium on Information
Theory (ISIT), Adelaide, Australia, 2005, pp. 970-974.

[4] S. Wen, G. Liu, Q. Chen, H. Qu, M. Tian, J. Guo, P. Zhou, D.
O. Wu, Time-Frequency Compressed FTN Signaling: A
Solution to Spectrally Efficient Single-Carrier System, /[EEE
Transactions on Communications, Vol. 68, No. 5, pp. 3125-
3139, May, 2020.

[5] M. Rodrigues, I. Darwazeh, A spectrally efficient frequency
division multiplexing based communication system,
Proceedings of the 8th International OFDM Workshop,
Hamburg, Germany, 2003, pp. 70-74.

[6] C. Dai, X. Liu, J. Lai, P. Li, H. Chao, Human Behavior Deep
Recognition Architecture for Smart City Applications in the
5G Environment, /[EEE Network, Vol. 33, No. 5, pp. 206-211,
September-October, 2019.

[7] C. Dai, X. Liu, W. Chen, C.-F. Lai, A Low-Latency Object
Detection Algorithm for the Edge Devices of loV Systems,
IEEFE Transactions on Vehicular Technology, Vol. 69, No.
10, pp. 11169-11178, October, 2020.

[8] E. Ringh, Low complexity algorithms for Faster-than-Nyquist
signaling: using coding to avoid an NP-hard problem,
Master’s Thesis, KTH Royal Institute of Technology,
Stockholm, Sweden, 2013.

[9] I Kanaras, A. Chorti, M. R. D. Rodrigues, I. Darwazeh, A
combined MMSE-ML detection for a spectrally efficient non
orthogonal FDM signal, 5th International Conference on
Broadband Communications, Networks and Systems,
London, UK, 2008, pp. 421-425.

[10] S. Isam, I. Kanaras, I. Darwazeh, A truncated SVD approach
for fixed complexity spectrally efficient FDM receivers, 2011
IEEE Wireless Communications and Networking Conference
(WCNC), Cancun, Quintana Roo, Mexico, 2011, pp. 1584-
1589.

[11] F.-L. Luo, C. Zhang, Signal Processing for 5G: Algorithms
and Implementations, Wiley-IEEE Press, 2016.

[12] 1. Goodfellow, Y. Bengio, A. Courville, Deep Learning, MIT
Press, 2016.

[13] H. Ye, G. Y. Li, B. Juang, Power of deep learning for channel
estimation and signal detection in OFDM systems, /EEE
Wireless Communications Letters, Vol. 7, No. 1, pp. 114-
117, February, 2018.

[14] W. Xu, Z. Zhong, Y. Be’ery, X. You, C. Zhang, Joint neural
network equalizer and decoder, 2018 15th International
Symposium on Wireless Communication Systems (ISWCS),
Lisbon, Portugal, 2018, pp. 1-5.

[15] J. Schmidhuber, Deep learning in neural networks: An
overview, Neural Networks, Vol. 61, pp. 85-117, January,
2015.

[16] T. Wang, C. Wen, H. Wang, F. Gao, T. Jiang, S. Jin, Deep
learning for wireless physical layer: Opportunities and

challenges, China Communications, Vol. 14, No. 11, pp. 92-
111, November, 2017.

[17] X. Cheng, D. Liu, C. Wang, S. Yan, Z. Zhu, Deep Learning-
Based Channel Estimation and Equalization Scheme for
FBMC/OQAM Systems, [EEE Wireless Communications
Letters, Vol. 8, No. 3, pp. 881-884, June, 2019.

[18] S. Isam, I. Darwazeh, Simple DSP-IDFT techniques for
generating spectrally efficient FDM signals, 7th International
Symposium on Communication Systems, Networks and
Digital Signal Processing (CSNDSP), Newcastle upon Tyne,
UK, 2010, pp. 20-24.

[19] S. Ahmed, Spectrally efficient FDM communication signals
and transceivers: design, mathematical modelling and system
optimization, Ph.D. Thesis, University College London,
London, UK, 2011.

[20] R. C. Grammenos, Spectrum optimisation in wireless
communication systems: technology evaluation, system design
and practical implementation, Ph.D. Thesis, University
College London, London, UK, 2013.

[21] P. C. Hansen, The truncated SVD as a method for
regularization, BIT Numerical Mathematics, Vol. 27, No. 4,
pp. 534-553, December, 1987.

[22] P. C. Hansen, Truncated singular value decomposition
solutions to discrete ill-posed problems with ill-determined
numerical rank, Society for Industrial and Applied
Mathematics Journal on Scientific and Statistical Computing,
Vol. 11, No. 3, pp. 503-518, May, 1990.

Biographies

Qiang Chen received his BS degree
in electronic and information
engineering from Chongqing Three
Gorges  University, Chongqing,
China, in 2003 and M.S. degree in
circuits and systems from Xidian
University, Xi’an, China, in 2012.
Member of Chinese Electronics Society, a lecture
with  Chongqing Three Gorges University,
Chongqing, China. He is currently working toward
his Ph.D. degree in the School of Information and
Communication  Engineering,  University = of
Electronic Science and Technology of China
(UESTC). His research interests are in wireless
communications and intelligent signal and
information processing, with emphasis on signal
processing for non-orthogonal transmission of
wireless communications.

Linzhou Li received the B.Sc.
degree in electronic and information
engineering from the University of
Electronic Science and Technology
of China (UESTC), Chengdu, China,
in 2018, where he is currently
pursuing the M.E. degree. His
interests  include faster-than-Nyquist

w

research



A Deep Learning Based Equalization Scheme for Bandwidth-compressed Non-orthogonal Multicarrier Communication 1009

signaling and the application of deep learning in
wireless communications. Linzhou Li received the
B.Sc. degree in electronic and information
engineering from the University of Electronic
Science and Technology of China (UESTC),
Chengdu, China, in 2018, where he is currently
pursuing the M.E. degree. His research interests
include faster-than-Nyquist signaling and the
application of deep learning in  wireless
communications.







<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (Adobe RGB \0501998\051)
  /CalCMYKProfile (Japan Color 2001 Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHT <FEFF005b683964da300c9ad86a94002851fa8840002b89d27dda0029300d005d0020005b683964da300c8f3851fa0033003000300064002851fa88400029300d005d00204f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        8.503940
        8.503940
        8.503940
        8.503940
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 9.354330
      /MarksWeight 0.141730
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed true
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


