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Rapid Mode Decomposition of Few-Mode Fiber By
Artificial Neural Network

Han Gao , Zhuo Chen, Yan-Xin Zhang , Wei-Gang Zhang , Hai-Feng Hu , and Tie-Yi Yan

Abstract—A novel method based on deep learning technique
for the modal decomposition of the optical fields emerging from
the few-mode fiber is demonstrated in this paper. By combining
the advantages of principal component analysis (PCA) and Back-
Propagation (BP) neural network, this scheme can reveal the exact
superposition of eigenmodes. Firstly, PCA algorithm is applied to
preprocess the target samples to reduce the computational com-
plexity and extract the characteristics of the samples. Then, the
mapping between the mode coefficients and the preprocessed near-
field beam patterns is learned by using the BP neural network. The
superiority of the proposed scheme is evaluated through simulation
and experiment. The results show that the scheme can perform a
complete modal decomposition within a few milliseconds, and it
can still work well when the SNR level is as low as 20 dB. It is also
worth noting that the method described in this work also has the
advantages of short network training time, non-iterative, and low
experimental equipment requirements.

Index Terms—Deep learning, fiber characterization, modal
decomposition, optical fiber.

I. INTRODUCTION

MODAL decomposition (MD) technology depicts an es-
sential measurement tool and provides the modal char-

acteristics in the light emitting from fiber. Within that context,
MD techniques are frequently adopted to study fiber bending [1],
fiber coupling process [2], as well as to measurement the beam
quality [3] and realize adaptive mode control [4]. Specifically,
MD techniques can be divided into two categories. One is the
experimental-based MD technology, which can directly obtain
modal characteristics through experiments, such as spatially and
spectrally resolved imaging (S2) method [5], cross-correlated
imaging in the frequency domain (fC2) method [6], three-mirror
ring resonator method [7], and computer-generated hologram
(CGH) method [8], etc. There is no doubt that all of the above-
mentioned technologies have demonstrated outstanding merits.
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However, these schemes have particularly high requirements in
terms of experimental realization, temporal effort and necessary
equipment. In contrast to above methods, the numerical MD
technique based on the measured optical intensity distribution
stands out due to its significantly low experimental workload,
such as stochastic parallel gradient descent algorithm [9]–[11],
Gerchberg-Saxton algorithm [12], and simplex-search algorithm
[13], etc. Note that these algorithms may fall into local min-
imums due to the sensitivity of the initial value. The hybrid
algorithm constructed by combining the advantages of the local
search algorithm and the global optimization algorithm is an
effective method to solve this problem, but the convergence time
will also increase significantly [14]. Some non-iterative numeri-
cal demodulation methods, such as matrix inversion method [15]
and fractional Fourier system [16], can avoid the above problems
and have demonstrated excellent performance.

As a research hotspot in recent years, deep learning (DL)
has made outstanding achievements in many fields [17], [18].
Recently, DL has also had successful applications in optics and
photonics [19]–[21]. Inspired by these successful applications,
some researchers have tried to verify whether similar successes
can be replicated in the field of mode demodulation, and break-
throughs have been made [22]–[26]. Some researchers have
successfully applied convolutional neural networks to perform
MD, and the demodulation rate can reach about 30 Hz [23],
[25]. Notwithstanding this notable progress, the decomposition
methods based on DL still have some problems that cannot be
ignored. For example, this method takes a long time to train the
model and requires a high-performance computer. In the 3-mode
case, it still takes 8 hours to train the network even when GPU
acceleration technology is used [23], [25].

In this work, we examined a novel method based on arti-
ficial neural networks to reveal the precise superposition of
eigenmodes in few-mode fiber, which combines the advantages
of principal component analysis (PCA) algorithm and Back-
Propagation (BP) neural network. Firstly, the PCA algorithm is
used to remove redundant information and noise in the samples,
which will reduce the complexity of subsequent calculations
and increase the convergence speed. Then, the target samples
after dimensionality reduction will be utilized to train the BP
neural network to achieve the purpose of learning the mapping
between the model coefficients and the near-field beam patterns.
Experimental and simulation results show the superiority of
the scheme. In the 3-mode case, it takes ∼1 hour to train the
model, and ∼40 milliseconds to perform a complete MD. After
optimizing the data set, the demodulation time is reduced to
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Fig. 1. The principle of modal demodulation scheme based on artificial neural
network.

∼5 milliseconds. It is worth noting that the scheme proposed
in this paper can still work well when the SNR level is as low
as 20 dB. In addition, compared with the previously proposed
DL-based modal demodulation method, the scheme described in
this work significantly reduces the time spent on training models
and does not require GPU acceleration technology, which un-
doubtedly further expands the application scope of this scheme.
We believe that the work described here will be a cornerstone
for the study concerning the optical fiber numerical MD based
on DL.

II. PRINCIPLE OF OPERATION

A. Principle of the Scheme

The propagating field within the fiber can be expanded as [15]:

U(r) =

nmax∑
n=1

Ane
(iθn)ψn(r) (1)

where ψn(r) is the field distribution of the n-th eigenmode,An
2

is the modal weight and θn is the modal phase. MD depicts
an elegant measurement tool and provides An

2 and θn from
the near-field pattern. We define an evaluation function f(k) to
quantify the correlation between predicted and true values [15]:

f(k) =

∑
x,y (I0(x, y)− Ī0)(Ik(x, y)− Īk)√∑

x,y (I0(x, y)− Ī0)
2 ∑

x,y (Ik(x, y)− Īk)
2

(2)

where I0 is the target intensity distribution, Ik is the recon-
structed intensity distribution, Ī0 and Īk are the average values of
I0 and Ik, respectively. A largerf(k) indicates higher correlation
between the reconstruction intensity distribution and the target
intensity distribution.

The scheme described in this work is shown in Fig. 1. Firstly,
the near-field intensity patterns emerging from the few-mode
fiber are stored as training samples. Then, the training samples
processed by the PCA algorithm for dimensionality reduction
are fed into the BP neural network to train a model that can
directly predict the model coefficients. PCA is one of the most
commonly used data dimension reduction methods, and has been
widely used in various fields [27]. It follows the principle of
representing the characteristics of the original data as much as
possible, and projects the data in the original space into a low-
dimensional coordinate system. Generally speaking, due to the
removal of noise and redundant information, there is a more
accurate mapping relationship in the new coordinate system. BP

neural network is a multi-layer feedforward network, and it is
one of the most widely used neural networks [28]. The core idea
of the BP network is to propagate the output error to the input
layer through the hidden layer in some form and continuously
modify the connection weights until the error of the network
output is reduced to an acceptable level.

In this experiment, the near-field intensity pattern after di-
mensionality reduction by the PCA algorithm is integrated into
a vector, which will be used as the input of the BP neural network.
The modal weight or modal phase is also reconstructed into a
vector, which will be utilized as the label vector of the input
vector to train the BP neural network. It is worth noting that the
modal phase used in training is the relative phase difference
between the higher-order mode and the fundamental mode.
Moreover, there may be phase ambiguity in the experiment.
The reason is that only the near-field intensity mode is used
in the numerical mode decomposition, so the real field and
the conjugate field cannot be distinguished [29]. Therefore, the
real phase cannot be used directly when generating the label
vector, which will confuse the BP neural network and reduce the
accuracy of the network. To solve this problem, the cosine value
will be used to replace the real phase to ensure the consistency
of the training data [23].

The value of the modal weight can be directly obtained
when the trained BP neural network is used to predict the
mode coefficients. However, for the modal phase, it is necessary
to calculate all possible combinations based on the predicted
cosine value, and Eq. 2 will be employed to determine the
most likely phase combination. Eq. 2 represents the similarity
between the target intensity distribution and the reconstructed
intensity distribution, and the closer its value is to 1, the
higher the similarity is. Furthermore, the training data must be
normalized.

The samples used to train the model here are obtained through
simulation, and then the trained model is tested by simulation
data and experimental data respectively. By randomly generating
the modal weights in the range of 0 to 1 and the modal phases
in the range of -π to π, the near-field intensity image used for
training the model can be obtained. Specifically, if the number
of eigenmodes supported in the optical fiber is N, then the N
amplitudes {A1 A2 …AN} and N-1 phase differences {θ1 θ2
…θN-1} are encoded into a 2N-1 dimensional label vector. By
substituting the label vector into Eq. 1, the corresponding near-
field beam intensity image can be obtained.

The experiments described in this paper are all carried out on a
laptop with an Intel Core i5-7300 CPU. When the PCA algorithm
is utilized to perform data dimensionality reduction, 10000 ran-
domly generated images with a resolution of 250∗250 are used
to construct a low-dimensional space. A reasonable choice of the
dimensions of a low-dimensional space is crucial. In practical
applications, the eigenvalues of the covariance matrix of the
samples are usually used to describe the amount of information
contained in the direction of the corresponding eigenvector.
Therefore, the dimension can be determined according to the
amount of information that needs to be retained. In this work,
we reduced the dimension of the samples from 62500 (250∗250)
to 50.
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Fig. 2. The experimental setup for recording the mode field of 3-mode optical
fiber. HWP, half-wave plate; P, linear polarizer; OBJ, microscope objective lens;
L, lens; OF, 3-mode fiber; CCD, Charge Coupled Device camera.

In the subsequent work, 50000 images with a resolution of
250∗250 were randomly generated as the data set, and the
data set after dimension reduction was used to train BP neural
network. To prevent overfitting, the validation check is used
as the termination condition in this work, and the number of
validation checks is set as 6 times. Taking the validation check as
a termination condition means that during the training process, if
the error curve of the validation set samples no longer drops for
6 consecutive iterations, then the calculation will be stopped.
Therefore, the number of iterations of BP neural networks
designed for different targets is different.

During the experiment, we found that even if the structure of
the neural network is relatively simple, the modal weights with
high accuracy can be obtained. However, it is necessary to design
a more complex network to obtain the modal phases with similar
accuracy. Therefore, if only one BP neural network is used to
predict the modal weight and modal phase simultaneously, then
it must have a complex network structure, which will greatly
increase the computational complexity and convergence time.
To solve this problem, we trained prediction models for modal
phase and modal weight respectively.

B. Experimental Setup

The experimental setup used to record the mode field at the
output end of the optical fiber is shown in Fig. 2.

The light emitted from the light source (1550 nm, Santec
TSL-550) is first transmitted to the spatial light modulator
(SLM) after pre-processing, and is modulated by SLM. Then,
the modulated light is coupled into the 3-mode optical fiber (OF,
YOFC FM2010) using the microscope objective lens 1 (OBJ 1)
for transmission, and the length of the 3-mode optical fiber is
1m. Finally, the light beam emitted from the distal end of the
optical fiber is recorded by the charge coupled device (CCD)
camera after passing through the 4f imaging system composed
of OBJ 2 and lens (L). SLM can flexibly and rapidly change
the phase distribution of the incident beam, so it is convenient
to obtain a variety of mode field distributions at the output end
of the fiber by manipulating SLM. In this work, a total of 300
samples with different modal field distributions were collected.
These samples will be sorted into a test set and sent to the trained
model for real-time MD to test the generalization ability of the
proposed scheme. It should be noted that no radiation modes
are observed at the output end of the fiber. Because the coating

Fig. 3. Average correlation and cumulative contribution rate under different
dimensions.

layer is not removed in this work, the cladding modes (radiation
modes) are largely attenuated in the propagation process.

III. RESULTS AND DISCUSSION

A. Simulation Results and Discussion

Take the 3-mode case as an example, we trained two BP neural
networks and randomly generated 1000 near-field intensity pat-
terns for testing. In this experiment,ΔP andΔθ defined in Eq. 3
and Eq. 4 are used to numerically describe the modal weight
error and modal phase error between the reconstructed intensity
distribution and the target intensity distribution. Subsequently,
the comparison between the reconstructed intensity distribution
image and the target intensity distribution image will be shown
to intuitively evaluate our method.

ΔP =
∣∣A1

2 −A2
2
∣∣ (3)

Δθ = ||θ1| − |θ2|| (4)

whereA1
2 and θ1 are the real values,A2

2 and θ2 are the predicted
values.

Taking the 3-mode case as an example, a set of comparative
experiments was conducted to study the relationship between
the dimensionality of the low-dimensional space and the de-
modulation accuracy. In order to more directly describe the
number of features contained in the low-dimensional space,
the cumulative contribution rate is used to express the ratio of
the features contained in the low-dimensional space to the total
features. The results of the comparative experiment are shown
in Fig. 3. It can be found that the cumulative contribution rate
and the averaged correlation increase with the increase of the
low-dimensional space dimension. When the dimensionality of
the low-dimensional space reaches 50, the correlation is 0.9992.
However, the calculation accuracy has some small fluctuations
with the further increase of the dimensionality of the low-
dimensional space. This shows that when the dimensionality
of the low-dimensional space increases to a certain extent, some
of the introduced features may not be useful, and it also shows
that the calculation accuracy is not directly proportional to the
dimensionality of the low-dimensional space. Therefore, after
thorough consideration, the dimension of the low-dimensional
space selected in this work is 50.
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Fig. 4. The training process of modal weights as a function of epochs.
(a) modal weights error of different modes (b) correlation coefficients between
the target value and the predicted value.

Fig. 5. The training process of modal phase as a function of epochs. (a) modal
phase error of different modes (b) correlation coefficients between the target
value and the predicted value.

The structure of the BP neural network used to predict the
modal weight is 50-30-14-3. This network has 3 layers, in
which the input layer has 50 neurons, the hidden layer 1 has
30 neurons, the hidden layer 2 has 14 neurons, and the output
layer has 3 neurons. Fig. 4(a) describes the relationship between
epochs and the weight errors of different modes, and Fig. 4(b)
shows the correlation between the target value and the predicted
value. It should be noted that the modal weight error and phase
error described in this experiment are the mean values of 1000
samples. It can be noticed that the BP neural network can quickly
converge to a relatively good level after 10 training epochs,
and stop training after 150 training epochs. The correlation
coefficient R value is used to express the correlation between the
target value and the predicted value. The closer the correlation
coefficient is to 1, the higher the accuracy of the prediction. After
10 training epochs, the average modal weight error of the three
modes is 3.76E-3, and the correlation coefficients between the
real value and the predicted value on the training set and the
verification set were 0.99963 and 0.99960, respectively. When
the training is terminated, the average modal weight error of
the three modes is 9.55E-4, and the correlation coefficients of
the training set and the validation set are 0.99997 and 0.99997,
respectively.

The structure of the BP neural network used to predict the
modal phase is 50-30-30-30-2. This network has 4 layers, in
which the input layer has 50 neurons, the hidden layer 1 has 30
neurons, the hidden layer 2 has 30 neurons, the hidden layer 3
has 30 neurons, and the output layer has 2 neurons. Fig. 5(a)
describes the relationship between the phase errors of different
modes and epochs, and Fig. 5(b) shows the changes in the
learning curve of the BP neural network. It can be noticed that

TABLE I
CONSUMING TIME FOR THE BP NEURAL NETWORK

TABLE II
AVERAGED ERROR OF MODAL WEIGHTS AND MODAL PHASE

the BP neural network can quickly converge to a relatively good
level after 20 training epochs, and stop training after 40 training
epochs.

The details of modal weight error, modal phase error and the
time spent are summarized in Table I and Table II, respectively.
In Table I, T1 represents the time for image preprocessing,
T2 represents the time for training the BP neural network, T3

represents the time for prediction with the trained BP neural
network, and T4 represents the time for selecting the most
suitable phase combination. Image preprocessing only needs to
be done once. It can be found from Table I that it takes 43.13 s to
complete the MD of 1000 samples by using the trained BP neural
network, among which the image preprocessing requires 4.01 s,
the phase calculation requires 38.7 s, and the modal weight
calculation requires 0.42 s. Note that each sample only takes
43.13 milliseconds to perform MD. The speed of the numerical
modal demodulation method based on iterative algorithm can
reach 113 milliseconds per frame [11]. Compared with the
demodulation scheme based on iterative algorithm, the scheme
proposed in this paper has advantages in speed. At present,
among the reported numerical modal demodulation methods,
only the matrix inversion method has a faster demodulation
speed than the scheme based on machine learning, and the speed
of the matrix inversion method can reach about 10 μs per frame
[15].

Table II shows the average modal weight error and average
modal phase error of 1000 test samples in the 3-mode case. It
can be found that the modal weight error and the modal phase
error have reached the order of 1E-4 and 1E-2 respectively.
At this time, the average value of the evaluation function of
1000 samples is 0.9992. Compared with the reported efforts
[15], [23], [25], the scheme proposed in this paper can achieve
similar demodulation accuracy. It can be concluded that the
trained BP neural network can learn the relationship between
the mode coefficient and the near-field beam intensity images.
In addition, if only the modal weights need to be extracted, the
running time will be reduced to ∼4 milliseconds. Therefore, the
method proposed in this work has a broad application space in
some application areas where only accurate modal weights are
required [30]–[33].
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Fig. 6. Numerical MD of 3-mode case based on BP neural network.

In order to evaluate the scheme visually and intuitively, the
reconstructed intensity patterns and target intensity patterns of
several sets of samples are collected in Fig. 6. In addition, the
correlation is also described in Fig. 6. It can be found that the
reconstruction intensity patterns and the target intensity patterns
are highly similar, which further confirms the accuracy and
effectiveness of the method described in this work.

The performance of BP neural network may be improved by
increasing the number of samples included in the training set.
After increasing the number of training samples from 50000 to
150000, the average modal weight error and modal phase error
decrease from 9.55E-4 and 4.05E-2 to 5.41E-4 and 3.58E-2,
respectively, and the averaged correlation increased from 0.9992
to 0.9993. However, the training time is getting longer with the
increase of training samples. The training time of modal weight
and phase is increased from 34 min and 26 min to 285 min
and 237 min, respectively. In addition, the prediction accuracy
of the BP neural network can be improved by increasing the
complexity of the network structure, optimizing the initial value
of the network with the algorithm, and constructing the hybrid
algorithm.

It can be found from Table I that the main reason that affects
the demodulation speed is that it takes a long time to select
the most suitable phase combination. This is because the cosine
of the phase is used as the label vector in order to avoid the
influence of the conjugate field. The data set can be optimized
to solve this problem. In the new data set, the range of θ2 is 0 toπ,
and the range of θ3,4,5...N is 0 to 2π. In this case, the label vector
is composed of the phase itself, which can not only avoid the
loss of phase information, but also improve the demodulation
speed. The results show that in the 3-mode case, the average
correlation of the test samples when using the new data set is
0.9993, and it takes about 5 milliseconds to perform a complete
modal demodulation.

In order to test the generalization ability of the proposed
scheme, we also train the network for 5-mode, 6-mode, 8-mode
and 10-mode cases. As the number of modes increases, the
combination of eigenmodes becomes more complex, and the
number of similar near-field beam patterns with different mode
coefficients also increases. Therefore, in order to ensure the
accuracy of demodulation, it is necessary to increase the learning
ability of the BP network. In this work, we optimize the network
by increasing the number of hidden layers and the number of
neurons in the BP network to achieve the purpose of increasing
the learning ability. In addition, in order to describe the solution
space more comprehensively, it is also necessary to increase
the number of images in the training set and the dimensionality
of the input data of the BP neural network. In this work, the
architectures of the amplitude prediction network used in the

Fig. 7. The relationship between the mode number and the correlation.

5-mode case, the 6-mode case, the 8-mode case, and the 10-mode
case are 60-30-15-5, 60-30-18-6, 70-30-20-8 and 90-30-25-10,
respectively, and the phase prediction network architectures
used are 60-45-45-45-4, 60-50-50-50-5, 70-50-40-40-40-7 and
90-60-60-60-60-9, respectively. The number of pictures in the
training set used in these cases are 100000, 200000, 300000 and
400000 respectively. Fig. 7 describes the relationship between
the number of modes and correlation. It can be found that
the correlation decreases as the number of supported modes
increases. The matrix inversion method can demodulate up to 27
modes [15], but the demodulation scheme based on DL does not
show comparable generalization capabilities when supporting
more modes. The reason may be that the expansion of modes
will lead to an increase in the number of similar near-field beam
patterns with different mode coefficients, which will introduce
ambiguity [23]. One promising way to reduce this error is to
introduce far-field beam intensity image. The far-field beam
patterns corresponding to similar near-field beam patterns with
different mode coefficients are completely different. Therefore,
by combining the near-field beam pattern and the far-field beam
pattern, the BP network is promising to accurately predict the
mode coefficient with almost no ambiguity. It can be found from
Fig. 7 that when the number of modes to be studied is less than
or equal to 5, the proposed scheme is robust to perform accurate
MD. Otherwise, the proposed scheme needs to be optimized
according to the above discussion.

The robustness of the BP neural network is verified by adding
Gaussian noise to the ideal clean sample. Gaussian noise refers to
a type of noise whose probability density function obeys Gaus-
sian distribution, which is very commonly used in theoretical
research. Similarly, we randomly generate 1000 samples, and
feed the samples under different noise intensities to the trained
BP neural network to obtain the predicted mode coefficients.
Fig. 8 depicts the performance of the BP neural network for
noisy input samples. It can be found that the DL-based scheme
proposed in this paper can still work well when the SNR level is
as low as 20 dB in our numerical example. To evaluate the noise
sustainability of the proposed scheme, we use the following
metrics [15]:

ENET =
‖Ctrue − Crecover‖

‖Ctrue‖ (5)
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Fig. 8. The performance of BP neural network for noisy input samples.
(a) 3-mode case (b) 5-mode case.

where ENET is the total error and C = A exp(iθ) is the com-
plex coefficient. The simulation results show that the scheme
proposed in this paper can be applicable for MD with a total
error of 0.1 at a SNR level of 1 dB for 3-mode case and at
a SNR level of 5 dB for 5-mode case correspondingly. For the
6-mode case and the 8-mode case, the corresponding SNR levels
are 10 dB and 20 dB, respectively. In the previously reported
non-DL demodulation scheme, the SNR level is limited to 20 dB
[15], [16]. The SNR level of the matrix inversion method is
limited to 20 dB for the 3-mode case and 30 dB for the 5-mode
case [15]. The SNR level of the fractional Fourier system for
the 6-mode case is limited to 20 dB [16]. In comparison, the
scheme proposed in this paper has better noise sustainability.
The main reason is that the data-driven DL model has better
anti-interference ability. In addition, adding noise to the training
set can further improve the anti-noise ability of the network.

In order to describe the superiority of the proposed scheme
more clearly, it is necessary to quantitatively evaluate the per-
formance of the framework. Firstly, the scheme proposed in this
paper is compared with the previous demodulation scheme based
on DL [23], [25]. The scheme proposed in this paper and the
demodulation scheme based on CNN architecture have similar
demodulation accuracy and generalization ability [23], [25]. In
terms of model training time, the scheme proposed in this paper
takes about 1 hour to train a model for 3-mode cases, while the
demodulation scheme based on CNN takes 8 hours. In contrast,
the scheme proposed in this paper has advantages in training
time. In terms of demodulation speed, the CNN-based demod-
ulation scheme requires about 8 to 10 milliseconds to perform
a complete modal demodulation, while the method proposed
in this paper requires about 40 milliseconds. After optimizing
the label vector of the data set, the demodulation time of the
proposed scheme is reduced to about 5 milliseconds. In terms of
hardware requirements, the experiments described in this paper
are all carried out on a laptop with an Intel Core i5-7300 CPU,
and the CNN-based demodulation schemes are all carried out
on a desktop computer with an Intel Core i7-8700 CPU and
GTX 1080 GPU. It can be found that the demodulation scheme
proposed in this paper has lower hardware requirements than the
CNN-based demodulation scheme. Next, the scheme proposed
in this paper is compared with the reported non-DL demodu-
lation scheme. From the previous discussion, it can be found
that the scheme proposed in this work has advantages in terms
of anti-noise capability and demodulation speed. However, due

Fig. 9. Experimental results of performing modal demodulation on a 3-mode
fiber. The inserted pictures are several representative measured and reconstructed
intensity images.

to its data-driven characteristics, the generalization ability of
the scheme proposed in this paper needs to be improved. Some
promising ways to further improve the learning and generaliza-
tion capabilities of the model include designing more complex
networks, using more training data, and increasing the resolution
of training samples.

B. Experimental Results and Discussion

The experimental setup described in Fig. 2 for recording the
3-mode fiber mode field was used to collect test images. The
PCA algorithm will reduce the dimensionality of the experi-
mental data after preprocessing. Then, the reduced data is fed
into the trained BP neural network model one by one for modal
demodulation.

A total of 300 images were recorded in this experiment, and
the demodulation results are shown in Fig. 9. The averaged
correlation between reconstructed images and target images of
300 test samples is 0.9224, and representative target images and
the corresponding reconstructed images are inserted into Fig. 9.
It can be concluded from Fig. 9 that the similarity between the
reconstructed image and the test image is high, showing the
accuracy of our scheme.

It is also worth noting that the mean correlation of the test
samples in the simulation is 0.9992, and the experimental results
are worse than the simulation. The reason for this phenomenon
can be attributed to the difference between the test sample and the
training sample. The training samples are generated under ideal
conditions, while the test samples are recorded in the presence
of noise. In addition, the incomplete alignment between the
simulation data and the experimental data may also lead to errors.
Adding noise to training images or using unsupervised learning
algorithms to optimize the model trained on simulated data will
be promising candidates for improving accuracy.

IV. CONCLUSION

In this paper, we have verified a promising artificial neural
network-based framework to perform real-time MD for few-
mode fiber through simulation and experiment. The method
proposed in this work optimizes the calculation accuracy and
convergence speed by combining the advantages of PCA algo-
rithm and BP neural network. By using the proposed scheme,
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the speed of complete modal demodulation can reach about
40 ms per frame. After optimizing the data set, the demodulation
speed can reach about 5 ms per frame. It can also be found
from the numerical example that the proposed method can still
work well when the SNR level is as low as 20 dB. Additionally,
the proposed scheme also has the advantages of short model
training time, non-iterative, and low demand for experimental
equipment. In the future, the performance of this method will be
further improved by introducing far-field intensity distribution
and improving BP neural network. Another promising avenue to
improve performance is to apply some important methods that
have not been fully utilized, such as recurrent networks (RNN),
generative adversarial networks (GAN), unsupervised learning,
etc., in modal demodulation tasks. In addition, to fully realize the
potential of machine learning, it may be necessary to combine
multiple strategies.
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