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Multi-Impairment Compensation for CO-OFDM
System Based on Deep Learning and LDPC Code
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Abstract—In this article, we propose a multi-impairment com-
pensation scheme based on deep learning and low-density parity-
check (LDPC) code for the coherent optical orthogonal frequency
division multiplexing (CO-OFDM) system. We first propose a
multi-impairment compensation autoencoder (MICAE) based on
deep neural network (DNN). Then we combine the proposed MI-
CAE with LDPC code and design a DNN-based decoder for LDPC
decoding to replace the traditional belief propagation (BP) decoder.
The proposed scheme can compensate for multiple impairments
simultaneously and has faster decoding speed, greatly improv-
ing the performance of the CO-OFDM transmission system. We
demonstrate the superiority of the proposed scheme through sim-
ulations in different CO-OFDM transmission systems. Simulation
results show that the proposed scheme can effectively improve the
Q-factor and reduce the bit error rate (BER) of the system, and
is more suitable for complex long-distance and high-speed optical
transmission scenarios.

Index Terms—Coherent optical orthogonal frequency division
multiplexing (CO-OFDM) system, deep learning, low-density
parity-check (LDPC) code, multiple impairments compensation.

I. INTRODUCTION

W ITH the increasing demand for data service, optical fiber
communication, as the basic support of communica-

tion, is confronted with unprecedented challenges. The effective
methods to increase transmission capacity include high order
phase modulation and channel multiplexing. However, with the
increase of modulation order and channel multiplexing density,
the transmission distance of high-speed optical fiber commu-
nication system is also limited. Coherent optical orthogonal
frequency division multiplexing (CO-OFDM) is considered as
a promising scheme for future applications in the field of long-
distance optical transmission due to its high spectrum efficiency
[1], [2]. In long-distance optical transmission system, the OFDM
signal suffers various impairments such as chromatic disper-
sion, polarization-mode dispersion, fiber nonlinearity and phase
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noise. Impairment compensation and channel coding are two ef-
fective ways to improve performance. The former compensates
for impairments, while the latter improves the anti-interference
ability of the signal.

To compensate for the impairments, a lot of individual
schemes such as nonlinearity compensation and phase noise
suppression are proposed in [3], [4], [5]. However, in these
traditional schemes, the compensation is limited to specific
impairment and some compensation algorithms are relatively
complicated. A general compensation algorithm is urgently
needed for optical communication system. With the application
of deep learning in communication, some research results show
that the deep learning can effectively improve the performance
of communication systems [6]. Deep learning will become an
indispensable tool for the design of future communication net-
work and it can be a complement of traditional techniques [7].
Recently, a deep learning model called autoencoder (AE) has
been proposed for wireless, non-coherent optical and visible
light communications in [8], [9], [10]. In [11], an end-to-end
deep neural network (DNN) with joint optimization is imple-
mented for optical fiber communication systems. A new peak
to average power ratio (PAPR) reduction scheme based on joint
traditional algorithm and machine learning is introduced in [12].

Channel coding improves the performance of long-distance
optical transmission by enhancing the anti-interference ability
of the signal. Low-Density Parity-Check (LDPC) code is widely
used due to its characteristics of performance close to the Shan-
non limit, flexible structure, and strong error correction ability.
The integration of the impairment compensation and LDPC code
will produce unexpected results. In general, the neural network
(NN) can effectively explore the relationship between input and
output. Some researchers find that the NN can perfectly learn
the encoding structure with noiseless codewords as training data
[13]. The author in [14] thinks that the training samples with
noise limit the learning ability of the NN. For this reason, most
schemes are composed of a denoising module and a decoder
[15], [16]. Nevertheless, these solutions have not used deep
learning-based decoders.

Deep learning can quickly and effectively handle complex
non-linear problems. In CO-OFDM systems, it can accurately
compensate for multiple impairments and accelerate LDPC
decoding speed. Inspired by this, in this article, we propose
an effective scheme that combines deep learning and LDPC
code to improve the performance of CO-OFDM systems in long-
distance and high-speed optical transmission scenarios. Firstly,
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Fig. 1. LDPC-coded CO-OFDM system model.

we propose a multi-impairment compensation autoencoder (MI-
CAE) based on deep learning to capture and compensate im-
pairments suffered in the optical fiber transmission system. The
MICAE consists of two DNNs with corresponding structures
called encoder and decoder, which are respectively applied to
the transmitter and receiver of the transmission system. Through
effective data training, the MICAE can flexibly adjust its pa-
rameters and accurately capture the impairments in the channel.
Then we integrate the proposed multi-impairment compensation
scheme and LDPC code in the CO-OFDM system, and design a
DNN-based decoder to replace the traditional decoder for LDPC
decoding. The proposed decoder can give full play to its low
decoding delay characteristics in the long-distance and high-
speed transmission scenario. We validate the performance of the
proposed scheme in various transmission scenarios. Simulation
results show that the proposed scheme has a higher Q-factor and
lower bit error rate (BER). Meanwhile, we demonstrate that the
combination of the impairment compensation and LDPC code
can indeed effectively increase transmission distance.

The rest of the article is organized as follows. The LDPC-
coded CO-OFDM system model is described in Section II. Sec-
tion III provides the technique principle of the proposed scheme.
Section IV shows the simulation setup. Simulation results and
analyses are discussed in Section V. Section VI concludes the
article.

II. SYSTEM MODEL

The overall LDPC-coded CO-OFDM system model is shown
in Fig. 1, which consists of the transmitter digital signal process-
ing (DSP) module, electro-optical conversion module, optical
fiber link, opto-electrical conversion module, and receiver DSP
module.

In the transmitter DSP module, the transmitted bit sequence
is first LDPC encoded. Then, the LDPC-encoded bit sequence
is converted into the parallel complex sequence through serial-
parallel conversion and symbol mapping. Furthermore, the real
and imaginary parts of the complex sequence are fed into the
proposed MICAE. At the output of the MICAE, two predicted
real sequences are generated, and a complex sequence is ob-
tained by combining these two real sequences. Finally, the
complex sequence performs the OFDM modulation process,
including normalization, inserting pilots and guard intervals,
and IFFT operation. In the receiver DSP module, corresponding
operation is performed to recover the original signal. In addition,
we can optionally add the DNN-based LDPC decoder module

to accelerate decoding speed. During the training process, the
LDPC decoder optimizes its network parameters by continu-
ously reducing the loss. After training, it can be used to decode
the bit sequence.

In the electro-optical conversion module, the digital OFDM
signal generated by the transmitter DSP module is first con-
verted into an analog signal through a digital-to-analog converter
(DAC), and then filtered by a low-pass filter (LPF) and ampli-
fied by an amplifier. Furthermore, the amplified in-phase and
quadrature components are input together into the IQ modulator
consisting of a 90° phase shifter and two Mach-Zehnder mod-
ulators (MZM) to achieve orthogonal modulation. Finally, the
modulated in-phase and orthogonal components are combined
into one optical signal through the coupler. Correspondingly,
the opto-electrical conversion module obtains the in-phase and
orthogonal components of the signal by performing coherent
detection. The optical fiber link is composed of optical fibers
and optical amplifiers. In our work, the optical fiber link is
segmented, with each segment consisting of 80 km standard
single-mode fiber (SSMF) and an erbium-doped fiber amplifier
(EDFA).

III. PROPOSED SCHEME

As a typical unsupervised deep learning model, AE can effec-
tively perform feature learning. It usually consists of an encoding
network and a decoding network, where the encoding network
is used to learn the potential representation of the input data,
and the decoding network is used to reconstruct the original
data. Assuming the input data is x = {x1, x2, . . . , xN}, the
feature variable is z = {z1, z2, . . . , zM}, and the output data is
x̂ = {x̂1, x̂2, . . . , x̂N}. The output of the L-th layer of the AE
encoder is represented as:

z(l) = σ
(
W

(l)
E z(l−1) + b

(l)
E

)
, l = 1, 2, . . . , L (1)

whereN > M ,W (l)
E and b(l)E represent the weight and bias of the

l-th layer, σ is the Sigmoid activation function, z(l) is the feature
representation of the l-th layer, and z(0) = x. The output of the
L-th layer of the AE decoder is represented as:

x̂(l) = σ
(
W

(l)
D x̂(l+1) + b

(l)
D

)
, l = L,L− 1, . . . , 1 (2)

where W
(l)
D and b

(l)
D represent the weight and bias of the l-th

layer, x̂(L+1) = z(L) and x̂(1) = x̂ .
During the training process, the AE first encodes the input data

x to obtain the feature variable z, and then decodes z to obtain
the output data x̂. The purpose of AE is to optimize the network
parameters to make the output data x̂ as equal as possible to the
input data x. Therefore, the objective function of the AE is to
minimize the reconstruction error between x and x̂, that is,

argmin
WE ,WD,bE ,bD

L =
N∑
i=1

||x̂i − xi||22 (3)

where || · ||2 represents the L2 norm. The above problem can be
solved by the stochastic gradient descent method. When the error
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Fig. 2. Network structure and training process of the MICAE.

reaches the minimum value, the optimal network parameters can
be obtained.

In our proposed MICAE, the encoder is deployed in the trans-
mitter to preprocess the transmission signal, and the decoder is
deployed in the receiver to reconstruct the signal and compensate
for the impairment. The network structure and training process
of the MICAE is shown in Fig. 2. The encoder and decoder of the
MICAE consist of multiple sub blocks, each of which consists
of an input layer, a normalization layer, three dense layers, a
dropout layer, and an output layer. The normalization layer is
used to normalize the input data, which is beneficial for improv-
ing the stability and generalization ability of network training.
The dense layer contains multiple neurons, and neurons in the
same layer are not connected, while neurons in adjacent layers
are connected for data transmission. To prevent overfitting, we
add a dropout layer before the output layer. Meanwhile, to reduce
computational costs and avoid gradient explosion and vanishing
problems, we choose ReLU function as the activation function
of the dense layer.

In the training process, the parameters of the encoder and
decoder are simultaneously adjusted according to the loss func-
tion. Different from the traditional AE with loss function of
mean square error (MSE), we design a new loss function, which
is given as

LAE = λL1(x, x̂)+L2(x, z) (4)

where L1 is the MSE, which represents the difference between
the true value and the predicted value. The additional term L2,
which measures the discrepancy between the input data x and
the feature variable z, is introduced to constrain the constellation
point spread of the signal. The weighting factor λ allows for
fine-tuning the balance between the reconstruction error and the
constellation point spread. By adjusting λ, we can prioritize the
reconstruction error or the constellation point spread depending
on the specific requirements of the task at hand [17]. Through
optimization, the value of the λ is determined to be 0.1. The
loss function of L1 and L2 are calculated as the following
equations

L1 =
1

N

N∑
i=1

(xi − x̂i)
2 (5)

L2 =
1

N

√∑N

i=1
(xi − zi)

2 (6)

TABLE I
COMPLEXITY ANALYSIS OF THE MICAE

Fig. 3. Structure of the proposed DNN-based LDPC decoder.

where x is the input data, z is the feature variable, and x̂ is the
output data.

Next, we analyze the complexity of the MICAE. We assume
that the length of the input sequence is N, the number of features
is D, and the number of neurons in each dense layer is L. The
complexity analysis of each layer in MICAE is demonstrated in
Table I.

LDPC code is a linear block code based on sparse check
matrix, characterized by very few non-zero elements in the
check matrix H , which ensures that decoding complexity and
minimum code distance only increase linearly with code length.
Usually, the LDPC code can be represented by (n, k), where n
is the total length after encoding, k is the length of information
bits, and m = n− k is the length of check bits. Assuming the
information bit sequence is b, and the encoded bit sequence is
c. The H and c satisfy

H × cT = 0 (7)

The generator matrix G and check matrix H satisfy

G×HT = 0 (8)

Therefore, the c can be obtained by the following formula

c = G× b (9)

The most widely used decoding algorithm for LDPC code is
the probability-based belief propagation (BP) algorithm. How-
ever, since BP algorithm requires constant iterations, when the
transmission environment is poor, it will cause a larger transmis-
sion delay. Consequently, we design a DNN-based decoder for
LDPC code, which consists of an input layer, three dense layers,
and a output layer. The structure of the proposed LDPC decoder
is shown in Fig. 3. The input and output of the DNN should
match the size of matrixH . We explore the relationship between
input and output through multiple neurons in the DNN, where
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linear relationships are achieved through weights and biases,
and nonlinear relationships are implemented through activation
functions. After training, the DNN can replace highly complex
algorithms, such as channel decoding. We set the loss function
to MSE to reduce the error between the predicted value and the
true value, represented as follows

LDNN =
1

k

(�

b − b
)(�

b − b
)T

(10)

where T represents the transpose operation, and b̂ is the esti-
mated value of the original information b. We respectively use
the received information sequence and decoded bit sequence as
the input and label of the LDPC decoder, and train the DNN
by continuously reducing the loss function LDNN to learn the
decoding rule of the LDPC code.

IV. SIMULATION SETUP

In our work, the optical fiber transmission system is realized
by VPI Design Suite 9.8. The transmission signal is generated by
the DSP module at the transmitter. Different from the traditional
CO-OFDM system, we add the MICAE and DNN-based LDPC
decoder to the DSP module. Firstly, the electrical signal output
from the DSP module is converted into an optical signal. Then
the optical signal is sent into the optical fiber which has N
spans, each consisting of 80 km SSMF, exhibiting effects of
chromatic dispersion, nonlinearity, high birefringence (HIBI),
and polarization dependent loss (PDL). To compensate for fiber
span loss, each fiber span is connected through an EDFA. This
channel model is based on the classical theory of optical fiber
communication systems [18], [19]. The combination of SSMF
and EDFA simulates the actual fiber optic link as much as
possible. Finally, coherent detection is used to recover the optical
signal that has suffered channel impairments into an OFDM
frames. The DSP module of the receiver will reconstruct the
transmission signal.

In the optical fiber transmission system, the linewidth of the
transmitting laser and local oscillator (LO) laser is 100 kHz. We
set the transmission distance to be between 0 and 560 km, and
the transmission rates to be 10 GS/s and 20 GS/s. In the DSP
module, the number of OFDM subcarriers is set to 128, the guard
interval is 8, zeros is 8, pilots is 10, cyclic prefix is 16, and the
size of the check matrix of LDPC code is (16, 32). In MICAE,
the settings of the encoder and decoder are consistent. The input
and output sizes of the MICAE should match the number of
OFDM subcarriers. Considering that the number of subcarriers
in the complex OFDM signal is 128, and the input and output of
the MICAE are only real numbers, we set the input and output
sizes of the MICAE to 256. The activation function of the dense
layer is set to ReLU function, which is the most commonly used
activation function. We use randomly generated 10240000-bit
binary sequence as the training sample. To limit the output of the
MICAE to discrete binary numbers, we use Sigmoid function as
the activation function of the output layer. In order to reduce the
loss value and improve the convergence speed during training,
we use the Adam optimizer to optimize the parameters of the
network. The number of neurons in dense layer, initial learning

TABLE II
DETAIL SETTING OF THE MICAE

rate, and batch size are obtained through optimization, and set
to 2048, 0.01, and 512, respectively. The learning rate decreases
as training progresses, with a decay factor of 0.5. The detail
setting of the proposed MICAE is shown in Table II. The LDPC
decoder based on DNN consists of one input layer, three dense
layers, and one output layer, and the number of neurons in the
three dense layers is set to 1024, 256, and 64, respectively. The
activation function of the dense layer is set to ReLU function.
To limit the output of the decoder to discrete binary numbers,
we use Sigmoid function as the activation function of the output
layer. The settings of other hyperparameters in the network are
consistent with those of the MICAE. The input of the training
sample comes from the impaired LDPC codeword obtained at
the receiver, and the output comes from the input of the LDPC
encoder at the transmitter.

V. SIMULATION RESULTS

In this section, we first assess the effectiveness of the proposed
MICAE through constellation diagram, Q-factor, and BER per-
formance. Then, the performance of the DNN-based decoder
is evaluated. Finally, the Q-factor and BER performance of the
proposed combination scheme are analyzed.

A. Performance of MICAE

We add the encoder and decoder of MICAE to the trans-
mitter and receiver of the CO-OFDM system, respectively.
The improved CO-OFDM system can effectively compensate
multiple impairments. We transmit the 4QAM-OFDM signal at
a transmission rate of 10 GS/s. The constellation diagrams of the
CO-OFDM system before and after using the MICAE are shown
in Fig. 4. The first row in Fig. 4 represents the constellation
diagrams of the traditional uncompensated scheme obtained at
the receiver, and the second row represents the constellation
diagrams of the proposed compensation scheme obtained at the
receiver. The transmission distances are set to 80 km, 160 km,
240 km, 320 km from left to right. It can be clearly seen
that the constellation points of the proposed scheme are more
concentrated, which means smaller noise. That is, the probability
of decision errors and the BER of the proposed scheme are lower.

We use Q-factor to measure the performance of the CO-
OFDM system, which represents the ratio of receiver decision
level signal to noise. We compare the Q-factor of the proposed
MICAE with traditional uncompensated scheme. Fig. 5 shows
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Fig. 4. Constellation diagram of CO-OFDM system before and after using
MICAE. (a) Traditional scheme 80 km, (b) traditional scheme 160 km, (c)
traditional scheme 240 km, (d) traditional scheme 320 km, (e) proposed scheme
80 km, (f) proposed scheme 160 km, (g) proposed scheme 240 km, and (h)
proposed scheme 320 km.

Fig. 5. Q-factor of the CO-OFDM system under different transmission dis-
tances and transmission rates.

the performance of various schemes under different transmission
distances and transmission rates. We first use 4QAM-OFDM
signals with transmission rates of 10 GS/s and 20 GS/s, trans-
mission distances of 0∼560 km, and intervals of 80 km to train
the MICAE. Then, we verify the performance of the trained
MICAE under different transmission distances and transmission
rates. The figure shows that when the transmission rate is fixed
and the transmission distance is from 0 to 560 km, the proposed
scheme has a Q-factor at least 10 dB higher than the traditional
scheme. This indicates that the MICAE can achieve excellent
performance within the training sample range. This provides
a foundation for exploring the robustness of MICAE under
broader conditions.

Fig. 6 indicates the performance of the proposed scheme
under different launch powers. We transmit the 4QAM-OFDM
signal at a transmission rate of 20 GS/s. We set the transmission
distance to 400 km and 560 km respectively, and gradually adjust
the transmission power from 0 to -10 dBm. In Fig. 6, the solid line
represents the proposed scheme, and the dashed line represents
the traditional scheme. The square and circular curves represent
the Q-factors of the two methods at transmission distances
of 400 and 560 km, respectively, while the triangular curve

Fig. 6. Performance of the CO-OFDM system under different launch powers.

Fig. 7. BER of the LDPC-coded CO-OFDM system with MICAE and DNN
decoder.

represents the BER at a transmission distance of 560 km (the
BER is 0 at a transmission distance of 400 km). Obviously, our
proposed scheme has better performance than the traditional
scheme under different launch powers. When the transmission
power is -3 dBm, the proposed method has the highest Q-factor
and the lowest BER.

B. Performance of DNN-Based Decoder

We introduce LDPC code in the CO-OFDM system and utilize
the proposed DNN-based decoder to replace the traditional BP
decoder for LDPC decoding. Fig. 7 indicates the BER per-
formance of the LDPC-coded CO-OFDM system with various
decoders. As observed from this figure, the BER performance
improvement brought by the DNN-based decoder is close to
the BP decoder. However, with the increase of the transmission
distance and transmission rate, the signal will suffer more serious
impairments. Therefore, the BP decoder requires more itera-
tions to achieve excellent performance, leading to an increase
in decoding time and transmission delay. For the DNN-based
decoder, once the network is trained, its parameters will not
change, and the decoding time cost is lower than the BP decoder.
Hence, in the long-distance and high-speed optical transmission
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scenario, using a DNN-based decoder instead of a BP decoder
is a better choice.

C. Performance of Combination Scheme

To improve the transmission performance of the CO-OFDM
system, we creatively combine the proposed MICAE and LDPC
code. Meanwhile, we use the DNN-based decoder to replace
the BP decoder. Next, we will use the 4QAM-OFDM signal to
evaluate the performance of this combination scheme.

To begin with, we assess the performance of the combination
scheme under different transmission distances and transmission
rates. We add the proposed MICAE and DNN-based decoder to
the DSP module of the LDPC-coded CO-OFDM transmission
system. The former is used to compensate for various impair-
ments, and the latter is used to improve the anti-interference
ability of the transmission signal. We first use 4QAM-OFDM
signals with transmission rates of 10 GS/s, 20 GS/s and 30 GS/s,
transmission distances of 0∼640 km, and intervals of 80 km
to train the MICAE. Then, we verify the performance of the
trained MICAE under transmission distances within 1120 km
and transmission rates of 10 GS/s, 20 GS/s and 30 GS/s. Fig. 8
shows the performance of the LDPC-coded CO-OFDM system
under different transmission distances and transmission rates.
In this figure, the solid line represents the Q-factor and BER
performance of the LDPC-coded CO-OFDM system after MI-
CAE is added, and the dashed line represents the performance
of the system before MICAE is added. As shown in Fig. 8(a),
the Q-factor of the proposed combination scheme has been im-
proved within a transmission distance of 1120 km. However, as
the transmission distance increases, the improved performance
of the proposed scheme decreases. From Fig. 8(b), it can be seen
that when the transmission distance is low, the MICAE indeed
helps to improve the BER performance of the system. Similar to
Fig. 8(a), as the transmission distance increases, the improved
performance decreases. This is because the training samples
used by the MICAE come from low transmission distance and
we believe that when training the MICAE with samples with high
transmission distance and transmission rate, its performance will
be improved. Moreover, once the MICAE is trained, its param-
eters will not change. In practical applications, it only performs
forward propagation, thus offering the advantage of lower cost.

In addition, we set the transmission distance to 720 km
and 880 km, the transmission rate to 20 GS/s, and measure
the transmission performance of the system by continuously
adjusting the transmission power. The Q-factor and BER of the
LDPC-coded CO-OFDM system under different launch powers
are shown in Fig. 9. In this figure, the curves with square and
circular points represent the Q-factors of different schemes at
transmission distances of 720 km and 880 km, respectively,
corresponding to the scale on the left. The curve with triangular
points represents the BER of different schemes at a transmission
distance of 880 km, corresponding to the scale on the right. It
is obvious that the scheme we proposed has greatly improved
the transmission performance of the system. Under current

Fig. 8. Performance of the LDPC-coded CO-OFDM system under different
transmission distances and transmission rates. (a) Q-factor. (b) BER.

Fig. 9. Performance of the LDPC-coded CO-OFDM system under different
launch powers.
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transmission conditions, the Q-factor improvement brought by
MICAE is about 10 dB. In addition, we should note that the
0 BER performance is achieved at 720 km. Compared with
the simulation setup in Fig. 6, the transmission distance has
increased by 320 km. In summary, the transmission performance
of the proposed combination scheme is undoubtedly superior.

VI. CONCLUSION

In this article, we proposed a multi-impairment compensation
scheme for CO-OFDM system that combines deep learning
and LDPC code. We first developed a MICAE to compen-
sate for impairments suffered in optical fiber communication
system. Then, to fully leverage the advantages of the MICAE
and LDPC code, we combined them and designed a DNN-
based decoder for LDPC decoding. We verified the superi-
ority of the proposed scheme through simulations in differ-
ent transmission scenarios. Simulation results show that the
proposed scheme has better performance and is suitable for
the complex long-distance and high-speed optical transmission
scenario.

REFERENCES

[1] L. Liu et al., “High performance and cost effective CO-OFDM system
aided by polar code,” Opt. Exp., vol. 25, pp. 2763–2770, 2017.

[2] X. Tang et al., “A physical layer security-enhanced scheme in CO-OFDM
system based on CIJS encryption and 3D-LSCM chaos,” J. Lightw. Tech-
nol., vol. 40, no. 12, pp. 3567–3575, Jun. 2022.

[3] E. Giacoumidis, A. Tsokanos, M. Ghanbarisabagh, S. Mhatli, and L.
P. Barry, “Unsupervised support vector machines for nonlinear blind
equalization in CO-OFDM,” IEEE Photon. Technol. Lett., vol. 30, no. 12,
pp. 1091–1094, Jun. 2018.

[4] L. N. Venkatasubramani, A. Vijay, D. Venkitesh, and R. D. Koilpillai,
“Pilot-free common phase error estimation for CO-OFDM with im-
proved spectral efficiency,” IEEE Photon. J., vol. 11, no. 6, Dec. 2019,
Art. no. 7205210.

[5] Y. Xu, X. Du, S. Liu, and C. Yu, “Number-theoretic net-based particle
filtering for linear phase noise tracking in CO-OFDM systems,” in Proc.
20th Int. Conf. Opt. Commun. Netw., 2022, pp. 1–3.

[6] C. Hu et al., “Digital self-interference cancellation for full-duplex systems
based on deep learning,” AEU-Int. J. Electron. Commun., vol. 168, 2023,
Art. no. 154707.

[7] A. Jagannath, J. Jagannath, and T. Melodia, “Redefining wireless com-
munication for 6G: Signal processing meets deep learning with deep
unfolding,” IEEE Trans. Artif. Intell., vol. 2, no. 6, pp. 528–536, Dec. 2021.

[8] Z. Huang, D. He, J. Chen, Z. Wang, and S. Chen, “Autoencoder with
fitting network for terahertz wireless communications: A deep learning
approach,” China Commun., vol. 19, no. 3, pp. 172–180, Mar. 2022.

[9] C. Zou, F. Yang, J. Song, and Z. Han, “Wideband underwater wireless op-
tical communication based on multi-carrier autoencoder,” IEEE Wireless
Commun. Lett., vol. 10, no. 11, pp. 2494–2498, Nov. 2021.

[10] A. Mohamed, A. S. T. Eldien, M. M. Fouda, and R. S. Saad, “LSTM-
autoencoder deep learning technique for PAPR reduction in visible light
communication,” IEEE Access, vol. 10, pp. 113028–113034, 2022.

[11] B. Karanov et al., “End-to-end deep learning of optical fiber communica-
tions,” J. Lightw. Technol., vol. 36, no. 20, pp. 4843–4855, Oct. 2018.

[12] T. Zhang, Z. Tong, W. Zhang, H. Wang, and P. Li, “A novel PAPR reduction
scheme based on joint traditional algorithm and machine learning for CO-
OFDM systems,” IEEE Photon. Technol. Lett., vol. 35, no. 8, pp. 418–421,
Apr. 2023.

[13] W. Lyu, Z. Zhang, C. Jiao, K. Qin, and H. Zhang, “Performance evaluation
of channel decoding with deep neural networks,” in Proc. IEEE Int. Conf.
Commun., 2018, pp. 1–6.

[14] T. Koike-Akino, Y. Wang, D. S. Millar, K. Kojima, and K. Parsons, “Neural
turbo equalization: Deep learning for fiber-optic nonlinearity compensa-
tion,” J. Lightw. Technol., vol. 38, no. 11, pp. 3059–3066, Jun. 2020.

[15] W. Cao, J. He, and Z. Zhou, “Enhanced LDPC based differential iteration
decoding scheme for PDM 16-QAM coherent optical communication
systems,” in Proc. Conf. Lasers Electro-Opt. Pacific Rim, 2018, pp. 1–2.

[16] Y. He, M. Jiang, X. Ling, and C. Zhao, “Robust BICM design for the LDPC
coded DCO-OFDM: A deep learning approach,” IEEE Trans. Commun.,
vol. 68, no. 2, pp. 713–727, Feb. 2020.

[17] M. Kim, W. Lee, and D.-H. Cho, “A novel PAPR reduction scheme for
OFDM system based on deep learning,” IEEE Commun. Lett., vol. 22,
no. 3, pp. 510–513, Mar. 2018.

[18] G. P. Agrawal, Nonlinear Fiber Optics. Cambridge, Massachusetts, USA:
Academic, 1995.

[19] W. Shieh, H. Bao, and Y. Tang, “Coherent optical OFDM: Theory and
design,” Opt. Exp., vol. 16, no. 2, pp. 841–859, 2008.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /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 (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


