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Abstract. As the support of smart grid, power optical communication network is an
important guarantee to ensure the safe and reliable operation of the system. However,
optical fibre, as the basic physical carrier of power optical communication network, needs
to rely on manual operations such as optical path adjustment and performance moni-
toring, which cannot meet the demand of full automation of smart grid. Therefore, a
novel optical fibre remote coupling technology is proposed, and the corresponding intel-
ligent identification method of modulation format is implemented using a deep learning
model. Firstly, three core technologies of fibre optic remote coupling, fibre distribution
strategy and intelligent fibre network structure are given so as to achieve the physical
layer pathway at the remote site. Then, an optical coupling RF modulation format recog-
nition method based on deep learning is proposed. The features of five modulation for-
mats, namely 2ASK, 2FSK, BPSK, QPSK and LFM, are mathematically derived using
the principle of self-coherence. In order to further extend the dynamic range of signal
recognition and enhance the correct rate of signal recognition, the data acquired by the
oscilloscope is preprocessed and the amplitude statistical histogram is generated. The gen-
erated histogram of amplitude statistics is used as an input to the CNN+LSTM model for
modulation format recognition. The experimental results show that the proposed method
has the highest overall recognition rate of 97.143% in the range of signal-to-noise ra-
tio of -10dB to 15dB, which is conducive to significantly improving the operation and
maintenance efficiency of the communication fibre optic network and realizing intelligent
operation and maintenance.
Keywords: smart optical network; optical switching; deep learning; CNN; LSTM

1. Introduction. As a new type of modern power grid, the smart grid system involves
a variety of advanced technologies such as advanced sensing technology, communication
technology, control technology and energy and power [1,2]. In the process of optimis-
ing the power grid, the optimisation of power communication is one of the important
improvements of the grid.

In the construction of electric power communication, the hardware technology of electric
power communication needs to be considered, and at the present stage, the commonly
used communication equipment is optical fibre [3,4], which has the advantages of long
communication transmission distance, fast communication transmission speed and low
loss. However, fiber optic power communication needs to rely on manual on-site optical
path adjustment, performance monitoring and other operations, which is limited by the
dispersed location of the site, manual operation inefficiency and other factors, resulting in
the slow development of power communication [5,6], therefore, it is necessary to optimize
the fiber optic communication technology, so as to optimize the power communication
of the electric power communication, to enhance the efficiency of the optical fiber net-
work operation and maintenance of the electric power communication and to realize the
intelligent operation and maintenance.

Optical fibre research is mainly carried out at three levels [7,8]: first, theoretical re-
search, to provide theoretical support for the realization of optical switching, such as from
the theoretical analysis of the space division, time division, wave division optical switch-
ing; second, optical switching device research, the development of related devices for the
practical application of optical switching, such as MEMS optical switches, opto-couplers,
etc., which makes the optical device appear diversified; third, the study of optical switch-
ing methods and systems. At present, there are still several problems in the construction
of all-optical network as follows:

(1) Manual fibre hopping. At this stage, the use of optical fibres in electric power
communication needs to be collected manually, and the collected data is input into the
computer terminal manually. In this process, due to human involvement, the collected
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data may have errors, and when manually inputting the data, there is the possibility of
inputting the wrong data, the combination of the two errors, resulting in low validity of
the data displayed on the computer side of the low value of participation, and even lead to
the staff to misjudge the situation of optical fibre in electric power communication. This
situation is also known as artificial fibre skipping, and its a common power communication
problem at this stage [9,10].

(2) Optical switching patch fibre. This is achieved by using an optical switch structure
unit to form a fully switched device. One side of the optical switch is connected to a
number of optical fibres for input, and the other side is connected to a number of optical
fibres for output. However, the optical switch in the number of fibers is large, the light
needs to pass through the optical waveguide coupling region, from which the output,
resulting in serious attenuation of the output optical signal strength; on the other hand,
due to the limitations of the optical switch structure and operating principle [11], the
optical switch can only realize the exchange between any one input fiber and any one
output fiber, and can not realize the exchange between the two input fibers, i.e., it is not
possible to realize the exchange of all the optical fibers that are accessed to the In other
words, it is not possible to achieve any exchange between all the optical fibres connected
to the optical switch (including the input fibre and the output fibre), i.e., it is not possible
to achieve the ”full exchange”.

(3) Difficulty in identifying fibre optic modulation formats. In order to train and eval-
uate models, large amounts of data with accurate labelling are required [12]. However, in
fibre optic modulation format identification, obtaining large-scale appropriately labelled
data can be challenging. Also, specialists are required to perform data labelling, which
requires a significant investment of time and effort. When identifying fibre optic modula-
tion formats, it is crucial to select appropriate features and extract them. However, there
is no universal feature extraction method for all fibre modulation formats [13]. Different
modulation formats may have different features and therefore require experienced human
experts for feature selection and extraction. The main point to note is that fibre optic
modulation formats have diversity and variability. However, the diversity and variability
of fibre-optic modulation formats pose a challenge to the identification task. In practice,
many different modulation formats may be encountered, which may have similarities and
overlaps with each other, thus increasing the difficulty of recognition.

Therefore, the research objective of this work is to improve the optical switching tech-
nology in the existing power communication network, to establish physical pathways in
the actual physical layer thereby solving the problem of manual fibre hopping and to
improve the efficiency of all-optical communication. Secondly, in order to solve the diffi-
culty of fibre modulation format recognition, deep learning techniques are used to achieve
automatic recognition of optically coupled RF modulation formats.

1.1. RelatedWork. In the current power communication network, the traditional switch
port rate used in the fibre optic communication system limits the increase in the rate of
the fibre optic communication network, and increases the complexity and cost of the
equipment, and reduces the reliability of the system. To address the above problems, it
is known that they can be solved by all-optical communication, and optical switching is
the main link in this technology.

When the sub-station fails or adapts to the needs of line planning, it is usually necessary
to establish a new data link between the sub-stations or change the connection form of
the existing data link, which is one of the main components of the optical switching
technology for power communication. The basis of the data link is optical fibre, through
which a data transmission channel is formed, thus forming a data link and completing
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the data exchange between the sub-stations. The above process consists of the following
steps: Step 1, establish the link, the data link needs to have a bidirectional function,
which can complete the request and response. Step 2, maintaining the link, when the
data link is used by the sub-station, other forms and other sub-stations are prohibited
from using the link, and the uniqueness of the data link is maintained. Step 3, remove
the link, the termination command is issued by the sub-station at one end, and the sub-
station at the other end confirms it to release the use of the data link and release the
resources. The most important part of realising the above optical switching process is
the link establishment phase, which requires the establishment of a physical pathway in
the actual physical layer, and the physical pathway corresponds to the optical pathway
channel. And in this paper, a new optical fibre remote coupling technique is explored to
achieve the physical layer pathway at the remote site.

Currently, RF modulated format recognition technology is still in a continuous de-
velopment phase, and most of the recognition schemes are implemented based on feature
extraction [14]. However, in the proposed feature extraction schemes, most of the features
can only be used for the recognition of several deterministic signals, and are not generalis-
able for a wider range of signals. In terms of modulation format recognition methods can
be divided into two main categories [15]: likelihood function based methods and feature
extraction based methods. In the method of likelihood function, it mainly relies on the
probability and hypothesis testing parameters to achieve the modulation format recog-
nition of the signal. In this method, it is necessary to pre-set the assumption value of
the result and achieve the modulation format recognition classification by selecting the
appropriate threshold value, which leads to the difficulty of implementation. Compara-
tively, in the method of feature extraction, it is only necessary to extract the common
feature of the signal from the signal to be measured and use this common feature to iden-
tify and classify the signal to be measured. Although, in general the feature extraction
based method does not have a high recognition accuracy as the likelihood function based
method, the structure of the feature extraction based method is clear, low complexity
and easy to implement. Therefore, the feature extraction based method is chosen in this
paper.

In recent years, with the rapid development of deep learning, more and better deep
learning schemes have been proposed, and the combination of modulated format recogni-
tion and deep learning has gradually appeared. Overall, there are two main categories of
deep learning based approaches.

(1) Convolutional Neural Network (CNN) based methods. This type of method will
input the modulated signal as an image into the CNN, use the convolutional layer to learn
the local features of the modulated signal, and then classify it through the fully-connected
layer. Zhu et al. [16] proposed a modulation classification method based on ResNet and
the visual attention mechanism, which focuses on the relevant part of the features of the
modulated signal through the visual attention mechanism to improve the classification
accuracy. Top-notch performance was achieved on the RadioML 2018 dataset. However,
the method still requires manual feature selection to extract the amplitude and phase
features of the modulated signal through a squaring operation. This part of the operation
can be learnt automatically with stronger models.

(2) Recurrent Neural Network (RNN) based methods. This type of method will input
the modulated signal as a time sequence into the RNN, and use the recurrent layer to learn
the temporal features and long-range dependencies to achieve the classification. Zhang et
al. [17] designed an end-to-end LSTM model, which can automatically learn the features
of complex modulated signals, and achieved good classification performance on various
modulation types. However, the LSTM model is sensitive to the length of the signal
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sequence and is less effective in classifying long sequences. Optimisation using Attention
or temporal convolutional networks can be considered. Having explored only the standard
LSTM structure, one can try to design more complex deep learning models to improve
the robustness of the model.

1.2. Motivation and contribution. Through the above analysis, it can be seen that
there is still room for improvement in the existing deep learning methods in terms of
extracting complex features, generalisation performance and model optimisation. A more
powerful deep network structure needs to be designed and rigorous model validation needs
to be performed to further improve the performance of modulation format recognition.

Therefore, in order to effectively improve the efficiency of communication fibre optic
network operation and maintenance and to achieve intelligent operation and maintenance,
this work analyses the existing intelligent optical network technologies and uses the his-
togram of amplitude statistics of RF signals as the input to the deep learning model to
achieve the classification and identification of modulation formats. The main innovations
and contributions of this work include:

(1) A new optical fibre remote coupling technology is proposed, and the specific im-
plementation method and fibre core configuration model are given. An intelligent optical
fibre network structure based on the optical fibre remote coupling technology is estab-
lished.

(2) We propose to combine a CNN and a Long Short-term Memory (LSTM) network
for the recognition of optically coupled RF modulation formats, which can learn the local
features of modulated signals, while the LSTM can learn the temporal features of long
sequences, and the combination of the two can learn the spatial and temporal features of
the signals at the same time. LSTM is more sensitive to temporal relationship, both CNN
and LSTM can be used for feature extraction, and the combination can generate more
recognisable features and improve classification performance. Combining two different
types of networks can enhance the expressiveness and generalisation of the model.

2. Fibre-optic remote coupling technology.

2.1. Problem description. In the current power communication network, the tradi-
tional switch port rate used in the optical fibre communication system limits the increase
of the optical fibre communication network rate, and increases the equipment complexity
and cost, and reduces the system reliability. Therefore, there is a need to improve the
optical switching technology so as to improve the all-optical communication.

When the failure of the sub-station or the need to adapt to the line planning, it is
usually necessary to establish a new data link between the sub-stations or change the
connection form of the existing data link, which is one of the main components of the
optical switching technology for power communication [18,19]. The basis of data link
is optical fibre, through which a data transmission channel is formed, thus forming a
data link and completing the data exchange between sub-stations. The most important
thing to realise the above optical switching process is the link establishment phase, which
requires the establishment of physical pathways in the actual physical layer, and the
physical pathways correspond to the optical channels. And in this paper, a new type of
optical fibre remote coupling technology is explored, which can realize the physical layer
pathway at the remote site.

2.2. Core technology. Fibre optic remote coupling technology specific implementation
requires three core technologies, the specific implementation of the need to set up a
longitudinal and transversal matrix board, in the upper and lower layers controlled by
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high-precision stepper motors, towing the optical fibre to the specified location, complete
the physical coupling of the optical fibre, as shown in Figure 1.

Figure 1. The main structure of the equipment

Its core technology includes the following three aspects: (1) sliding docker; (2) vertical
and horizontal switching matrix; and (3) adaptive manipulator. The sliding docker is
used to haul external access fibre cores and internal pre-positioned fibre cores, and is the
core component to achieve accurate optical fibre docking [20]. The vertical and horizontal
switching matrix board distributes parallel-arranged slots on the front and back sides, and
there are NÖN docking holes in the slots (N is the maximum number of fibre cores that
can be accessed by the device). The manipulator mainly consists of transmission gears,
inserters, motors and bearings. The whole set of fibre optic remote coupling device formed
by the above technology successfully overcomes the technical difficulties such as remote
switching, precise positioning, anti-tailed fibre entanglement, and reduction of insertion
loss [21,22].

2.3. Fibre core configuration model. The original optical fibre wiring model mainly
connects, distributes and schedules optical fibre lines through optical fibre distribution
frames at the end of the local backbone optical fibre in the optical fibre communication
system, and its operation is mainly carried out by manual splicing. The fibre optic remote
coupling system needs to establish a new set of access standards to solve the problem of
fibre core resources when accessing the existing environment.

In view of the state of the fibre optic remote coupling terminal when accessing the fibre
core, the relevant fibre core is divided into a total of five categories, as shown in Figure

2. Among them, 1 indicates the total number of fibre cores for external access, which

can be multiple fibres. 2 indicates the number of fibre cores for service hopping. 3
indicates the number of fibre cores for redundancy within the laser acousto-optic deflector

(AODF) [23,24]. 4 denotes the number of fibre cores for landed services. 5 denotes the
number of free fibre cores that are not connected to the fibre core. The weights assigned
to different types of fibres are shown in Table 1. Service type weights are shown in Table
2. The rate weights are shown in Table 3. For a service, the sum of its weights = fibre
type weights + service type weights + rate weights. For the whole optical fibre weights
business ratio = sum of weights of all fibre cores of the optical fibre / number of business
cores.



Intelligent Fibre Modulation Format Recognition 737

  

 

  

AODF

Transmission 

equipment
Optical 

fibre

Figure 2. Fibre core configuration model

Table 1. Assignment of weights to different types of fibres

Serial number Typology Weighting
1 Optical fibre composite overhead earth wire (OPGW) 1
2 All dielectric self-supporting fibre optics (ADSS) 2
3 Buried common fibre optic 3
4 Overhead common fibre optic 4

Table 2. Service type weights

Serial number Typology Weighting
1 HUAWEI 1
2 ECI 2
3 NEC 3
4 data communications network 4

Table 3. Rate weight

Serial number Rate Weighting
1 10 G 1
2 2.5 G 4
3 622 M 7
4 155 M 10

2.4. Smart fibre optic networks structural design. The effectiveness of the smart
fibre optic network needs to rely on the large-scale application of fibre optic remote cou-
pling device, which consists of a sub-station system (fibre optic remote coupling device)
and a master management system [25].

The master station sends data link connection commands to the fibre optic remote
coupling device, and the fibre optic remote coupling device receives them and couples
or unchains the fibre core. The sub-station system completes the functions of accessing
the fibre core, switching the fibre route, optical testing, information collection and so
on. The master station management system completes the fibre optic network resource
management. The main function of the intelligent fiber optic network system is to obtain
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the operation number information of the power communication equipment in real time,
issue relevant commands, realize the controllable switching between the faulty fibre core
and the standby fibre core, and monitor the operation status through the obtained infor-
mation. The structure of intelligent optical fibre network based on optical fibre remote
coupling technology is shown in Figure 3.

Master station 

management 

control system

Substation 

optical switching 

system

Substation 

optical switching 

system

Substation 

optical switching 

system

Figure 3. Intelligent fibre-optic network architecture

3. Optically coupled RF modulation format feature extraction.

3.1. five modulation formats. Most of the current experimental schemes based on fea-
ture extraction are more complex in structure, often have poor recognition performance
under low signal-to-noise ratio conditions, and there exists a feature that can only discrim-
inate between specific signals, i.e., for other classes of signals other features are required
to discriminate. Therefore, in this work, a feature extraction scheme based on signal self-
coherence is proposed for the feature extraction study of optically coupled signals. The
feature extraction of this scheme is uniformly applicable.

Five common modulation formats are used [26,27], including 2ASK, BPSK, QPSK,
2FSK and LFM.

(1) 2ASK signal.
The mathematical expression for the 2ASK signal is shown below:

S2ASK = Am(t) cos(2πfct+ ϕ), (n− 1)Tb ≤ t ≤ nTb (1)

where A is the amplitude, m(t) is the unipolar binary baseband signal, fc is the carrier
frequency, ϕ is the initial phase, and Tb is the codeword width.

(2) 2FSK signal signal.
2FSK is known as Binary Frequency Shift Keying, the basic principle of this modulation

format is to modulate the binary symbol 0 or 1 by changing the frequency of the carrier.
2FSK is achieved by switching between different frequencies for the transmission of bit
streams, so 2FSK signals have a stronger noise immunity compared to 2ASK signals. The
mathematical expression for 2FSK is shown below:

S
2FSK

= Am (t) cos(2πf0t) + Am̄ (t) cos(2πf1t) (2)

where f0 and f1 are two different frequencies, and m̄(t) = 1−m(t).
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(3) BPSK signal.
BPSK is known as Binary Phase Shift Keying, and the basic principle of this modulation

format is to achieve binary 0 or 1 modulation by controlling the phase change of the
signal.The mathematical expression of the BPSK signal is shown below:

SBPSK =

{
A cos (2πfct+ 0) , an = 1
A cos (2πfct+ π) , an = 0

(3)

(4) QPSK signal.
The full name of QPSK is Quadruple Phase Shift Keying, both QPSK and BPSK

signals transmit the binary symbol 0 or 1 through the phase, but QPSK further divides
the phase into four equal parts.The mathematical expression of QPSK signal is shown
below:

SQPSK (t) = A cos (2πfct+ φn) (4)

where φn is the modulated phase.
(5) LFM signal.
LFM signal is the full name of linear frequency modulation (LFM) signal, and the most

important feature of LFM signal that distinguishes it from the above four signals is that
LFM signal does not require a random coding sequence. However, the spectral width
required for LFM signal is much larger than that of the above four signals. Assuming
that the initial phase is 0, the mathematical expression of the LFM signal is shown below:

SLFM (t) = A cos[2π(fmt + kt2/2)], 0 ≤ t ≤ T (5)

where fm is the frequency of the LFM signal at t = 0 and k is the rate of frequency
change.

3.2. Signal pre-processing. Noise has a large interference to the signal, in order to
reduce the interference of noise to the signal, this paper adds preprocessing to the sampled
signal, including Hilbert transform, smoothing and power normalisation [28,29].

Firstly, the Hilbert transform is mainly used for filtering the signal. Secondly, the
smoothing process can further bring out the features of the signal. Finally, the power
normalisation process compresses all the data in the interval 0 to 1, which facilitates the
later generation of histograms of amplitude statistics for deep learning. The statistical
histogram is a complete statistical histogram of the sampled data from a number of signal
cycles in a specific way. The advantage of using statistical histogram is that not only does
it not require synchronisation of signals to demodulate the received signals, but it also
reduces the cost of the communication system and has better reliability.

The vertical coordinates of the preprocessed sampled data are divided equally into one
hundred equal parts, and the number of sampling points falling in each equal part are
counted, and these sampling points are used to generate a new statistical graph. The
horizontal coordinates of the new statistical graph are one hundred equal parts, and
the vertical coordinates are the number of sampling points in each equal part, which is
also called the amplitude statistical graph of the signal. The histogram generated after
preprocessing is shown in Figure 4. It can be seen more clearly that the five modulation
formats have significant shape differences after preprocessing.
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(a) 2ASK (b) 2FSK

(c) BPSK (d) QPSK

(e) LFM

Figure 4. Histograms generated after pre-processing

4. CNN+LSTM based optical coupled RF modulation format identification.

4.1. CNN. The CNN is one of the core representative models of deep learning, and its
model structure is mainly composed of convolutional layer, pooling layer and fully con-
nected layer. The convolutional and pooling layers are mainly used for feature extraction
of data in images, while the fully connected layer is mainly used for feature recognition
and classification [30].

The convolution operation and pooling operation introduced in the CNN model have
the function of feature extraction for the picture.The input picture of the CNN model can
be a colour picture or a processed grey scale picture, which mainly depends on whether
the colour has an effect on the picture information or not. If the colour has no effect on



Intelligent Fibre Modulation Format Recognition 741

the picture information, or can be ignored. In general, greyscale processing of coloured
pictures is often required to reduce the computational complexity of the network structure.
The Convolutional and Pooling layers are the feature extraction part of the CNN, where
the Filter is also known as the Convolutional Kernel.

The feature mapping layer is calculated as follows:

Fk,h = f(
c−1∑
c=0

d−1∑
m=0

d−1∑
n=0

ωm,nxi+m,j+n + b) (6)

where d denotes the size of the convolution kernel, c denotes the depth of the input
image, Fk,h denotes the elements of the k-th row and h-th column in the feature mapping
layer, and b denotes the bias value of the convolution kernel.

When other values are selected for the step size, the dimensions of the feature mapping
layer are changed accordingly.

W2 = (W1 − F + 2P ) /S + 1 (7)

H2 = (H1 − F + 2P ) /S + 1 (8)

whereW1 denotes the width of the picture before the convolution operation, W2 denotes
the width of the picture of the feature mapping layer after the convolution operation, S
denotes the step length of the move, P denotes the number of turns of the input picture
to complement the zeros, H1 denotes the height of the picture before the convolution
operation, and H2 denotes the height of the picture of the feature mapping layer after the
convolution operation.

In the CNN model of this paper, it is easy to cause overfitting due to too many training
parameters. In order to prevent overfitting, dropout is added to the CNN model to
enhance the robustness of the training parameters, as shown in Figure 5. The basic
principle of dropout is to stop participating in the network parameter computation with
a probability p for the neurons of the added dropout layer during the training process,
where the probability p can be set by human. This not only reduces the computational
complexity of the network, at the same time, a reasonable dropout does not reduce the
recognition correctness of the network, but rather improves the computational speed of
the network.
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Figure 5. Dropout principle
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With dropout the neurons (represented by dashed lines) are hidden and not involved
in the computation in one forward propagation of the neural network, thus reducing the
computational complexity of the network accordingly.

4.2. LSTM. The LSTM model is an improved model of the RNN model that avoids the
gradient vanishing and gradient explosion problems in the RNN model [31]. To solve the
gradient vanishing and gradient explosion problems, LSTM adds a new state c to the
RNN model to hold the long-term state information. This new state is called the unit
state and is expanded in time order as shown in Figure 6.

Ct-I 

Xt+I 

Figure 6. LSTM internal memory states

The model is built by introducing the concept of gates in the LSTM model. A gate
is essentially a fully connected layer and the representation of a gate is similar to a BP
neural network as shown below:

g (x) = f (Wx+ b) (9)

where f is the activation function, W is the weight matrix, x is the input vector and b
is the bias.

In LSTM, the data in the cell state c is mainly controlled by the forgetting gate and
the input gate. The expression of the forgetting gate is shown below:

ft = σ1 (Wf · [ht−1, xt] + bf ) (10)

where σ1 is the forgetting gate activation function, Wf is the weight matrix of the forget-
ting gate and bf is the bias matrix of the forgetting gate.

The expression for the input gate is shown below:

it = σ2 (Wi · [ht−1, xt] + bi) (11)

where σ2 is the input gate activation function, Wi is the weight matrix of the input gate
and bi is the bias matrix of the input gate.
The expression for the currently entered unit status c′ is shown below:

c′t = σ3 (Wc · [ht−1, xt] + bc) (12)

where σ3 is the activation function of the current input cell state c′, Wc is the weight
matrix of the current input cell state, and bc is the bias matrix of the current input cell
state.

The final output expression of LSTM is shown below:

ht = ot ∗ σt(ct) (13)

where σt is the final output activation function.
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4.3. Classification and recognition based on CNN+LSTM. The basic principle of
CNN+LSTM model is to replace the fully connected layer in the traditional CNN model
with LSTM model [32]. The structure of CNN+LSTM model is shown in Figure 7. The
CNN is used to automatically learn the local features of the modulated signal and the
LSTM learns the temporal features, and end-to-end training improves the performance of
modulation format recognition.

Figure 7. CNN+LSTM Models

Input layer: Receive complex IQ samples of the original modulated signal as input.
CNN layer: 1D convolutional layer is used to extract features from the input signal,

the size of convolutional kernel is 3, the activation function is ReLU, the sampling method
is strides, and the BatchNorm layer is used to accelerate the convergence.

Pooling layer: the temporal resolution of the feature map is reduced using a 1D
maximal pooling layer with a pooling size of two.

LSTM layer: the CNN extracted features are fed into the LSTM layer to learn the
temporal feature dependency, and the number of units is 128.

Fully Connected Layers: One or more fully connected layers are used to reduce the
dimensionality, and finally a softmax classification layer is connected.

Output Layer: Outputs the predicted probabilities for different modulation formats.
Loss function: cross-entropy loss is used with Adam optimiser.
Model training: end-to-end training of CNN+LSTMmodel, using minibatch training,

batchsize is 32.
In order to improve the quality of the received signal, this work adds preprocessing to the

received signal and then generates 30 amplitude histograms. Therefore, the input neurons
of the CNN+LSTM model are 30. The output neurons of the CNN+LSTM model are
5, which corresponds to five modulation formats, including 2ASK, BPSK, QPSK, 2FSK
and LFM.

5. Experimental results and analyses.

5.1. Experimental data set. In this experiment, samples of five modulation formats
are identified in the signal-to-noise ratio [-10dB, 15dB] range. The sample data is derived
from the RadioML 2018 dataset. The sample data were divided into 3000 groups in total.
Among them, 2500 sets of data were used as the training data for the CNN+LSTM model.
In the training dataset, each histogram data has a label from 1 to 5, which corresponds
to five modulation formats, namely BPSK, 2ASK, LFM, QPSK and 2FSK. In order to
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test the recognition performance of the deep learning model, the remaining 500 sets of
data are used as test data for the CNN+LSTM model.

5.2. Full network coverage analysis. In order to achieve full network coverage with
the least number of sub-station terminals, three methods are investigated, namely the
random distribution method, the longest distance first method, and the highest value
first method.

(1) Completely random method. The random distribution method determines the full
network coverage by randomly selecting sub-station nodes. After determining the sub-
station, data links are constructed with other sub-stations, the amount of coverage value
is calculated and removed from the fibre optic network, and then the next sub-station is
randomly selected until the full network is covered.

(2) Longest distance first method. The longest distance priority method removes the
sub-station with the largest distance value by calculating the coverage distance of all the
sub-station nodes and repeating the above steps to remove all the sub-stations of the
power communication in turn.

(3) Highest value priority method. The highest-value-first method is similar to the
longest-distance-first method, with the difference that the principle for selecting a sub-
station node is the amount of value of the fibre covered by the node. For the value amount
of the fibre, this paper is mainly based on the importance of the optical path carried on
the fibre, as shown in Table 4.

Table 4. Optical path importance

Optical Path Category With second routing Significance
Segment transmission systems N 8
Segment Transmission Systems Y 6

Provincial Network Transmission System (PNTS) N 6
Provincial Network Transmission System (PNTS) Y 4

Municipal transmission system N 4
Municipal transmission system Y 2

The amount of value of a fibre optic is defined as

Vi = Li ∗
∑

Sij (14)

where Li is the length of fibre i and Sij is the importance of the j-th optical path
carried on fibre i.

In this paper, Matlab is used as a simulation platform to simulate and analyse the three
strategies above and compare these optical fibre network full coverage strategies. The
number of sub-station nodes required for full network coverage under the three strategies
is tested using the number of nodes configured for different power communication full
network nodes as a performance indicator, and the results are shown in Figure 8.

The experimental results show that the number of configured nodes of the three strate-
gies increases with the increase in the number of nodes in the whole network of power
communication, in which the completely random strategy grows faster and reaches 21
when the number of nodes in the whole network reaches 100.The number of configured
nodes of the other two strategies increases slower and the curves are basically the same.
The number of configured nodes for the two strategies is 14 and 13.5 respectively when
the number of nodes in the whole network reaches 100. Comparison reveals that the num-
ber of configured nodes for the highest-value-first strategy is the smallest. Therefore, the
highest-value-first strategy has a higher application value and possesses higher feasibility
with the best network-wide coverage performance.
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Figure 8. Comparison of three strategy simulations

5.3. Analysis of recognition results. The five modulation formats were classified and
recognised using BP neural network, CNN, LSTM and CNN+LSTM in the signal-to-noise
ratio [-10dB,15dB] interval, respectively. The main parameter settings of the five models
are shown in Table 5.

Table 5. Main parameter settings for the five models

BP
neural network

CNN LSTM CNN+LSTM

Activation function ReLU ReLU ReLU ReLU
Probability function Softmax Softmax Softmax Softmax

Epoch 227 12 496 21
Number of hidden layer nodes 45 - 256 256

The recognition results of the four neural network models for the optically coupled RF
modulation format are shown in Figure 9.

It can be seen that the CNN+LSTM model can effectively recognise the five selected RF
signals. As the signal-to-noise ratio increases, the recognition rates of all four neural net-
work models increase along with it.The BP neural network has the worst recognition, with
an average recognition rate of 82% in the signal-to-noise ratio [-10dB, -1dB] interval.The
CNN+LSTM model has the relatively highest recognition rate in the signal-to-noise ratio
[-10dB, -1dB] interval, with an average recognition rate of 92.7%.



746 H.-B. Zhang, X. Wang, Q. Li, M.-Y. Wang, and Y.-H.Wei

Figure 9. Recognition rates for five modulation formats

6. Conclusion. In order to effectively improve the efficiency of communication fibre optic
network operation and maintenance and to achieve intelligent operation and maintenance,
this work analyses the analysis of existing intelligent optical network technologies and uses
the histogram of amplitude statistics of optically coupled RF signals as an input to the
CNN+LSTM model to achieve the classification and identification of five modulation
formats (2ASK, BPSK, QPSK, 2FSK and LFM). Finally, BP neural network, CNN,
LSTM and CNN+LSTM were tested for comparison using RadioML 2018 dataset. The
results show that the CNN+LSTM model has the relatively highest recognition rate in
the signal-to-noise ratio [-10dB, -1dB] interval, with an average recognition rate of 92.7%,
which greatly improves the recognition correctness of RF signals under low signal-to-noise
ratio conditions. Follow-up studies will try more complex CNN network structures, such
as residual networks (ResNet) and densely connected networks (DenseNet), to learn more
abstract and discriminative features.
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