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Abstract: This paper proposes an accuracy enhancement method for the fiber-longitudinal power 
profile estimation (PPE) based on convolutional neural networks (CNN). Two types of CNNs are 
designed. The first one is a network that treats different polarization streams identically. This 
network is denoted as CNN. The second one considers the difference between the contributions of 
different polarization streams to the nonlinear phase shift and is denoted as enhanced CNN (ECNN). 
The numerical simulation results confirm the effectiveness of the method for a 64 GBaud/s DP-QPSK 
system with a fiber length of 320 km. The effects of finite impulse response filter (FIR) length, power 
into the fiber, and polarization mode dispersion on the PPE accuracy are examined. Finally, 
monitoring results of the proposed method in the presence of several simultaneous power 
attenuation anomalies in the fiber optic link are shown. It is found that the accuracy of the PPE 
substantially improves after using the proposed method, achieving a relative gain of up to 71%. 

Keywords: fiber optics communications; fiber-longitudinal power profile estimation; convolutional 
neural networks; nonlinear phase shift; power attenuation anomalies 
 

1. Introduction 

Robust optical performance monitoring (OPM) plays a crucial part in the reliable operation of 
modern optical networks, which are evolving towards agile, disaggregated, and dynamic networks 
[1,2]. In recent years, a new OPM technology, called the fiber-longitudinal power profile estimation 
(PPE), has attracted a significant amount of attention [3,4]. It is based upon the idea of digital 
longitudinal monitoring (DLM), where “digital” indicates that the monitoring function is performed 
using digital signal processing (DSP) at the receiver side, and “Longitudinal” refers to the distributed 
monitoring of key parameters along the fiber optic link. So far, the DLM-based OPM can monitor the 
following parameters: optical power profile [5], chromatic dispersion (CD) [6], amplifiers’s gain tilt 
[7], optical filter detuning [8], optical-signal-to-noise ratio (OSNR) [9], polarization-dependent loss 
(PDL) [10], and differential group delay (DGD) [11]. The DLM-based optical power profile 
estimation, often abbreviated either as fiber-longitudinal PPE or In-site PPE, can predict the power 
evolution along an optical link in a distributed manner. The advantage of fiber-longitudinal PPE over 
optical time-domain reflectometer (OTDR) is that no dedicated equipment is needed to carry out 
manual on-site span-by-span measurement. For these reasons, it is chosen as the research topic in this 
paper.  

According to [4], the existing fiber-longitudinal PPE can be classified into two main types: 
correlation-based methods (CMs) and minimum-mean-square-error-based methods (MMSEs). It was 
analytically shown in [4] that the CM-based methods have limited spatial resolution and 
measurement accuracy, even in noise- and distortion-free environments. On the other hand, the 
MMSE-based methods are not restricted by this limitation. There are a number of variants of the 
MMSE-based methods, such as Volterra-based MMSE [12], linear least squares (LS) [13] and deep-
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learning networks [14]. In terms of oversampling rate for signal reconstruction, fiber-longitudinal 
PPE can be classified into waveform-level and symbol-level methods [15]. In the waveform-level 
methods, the reference signal is oversampled by two times, whereas in the symbol-level methods, do 
not involve any up-sampling. 

For the fiber-longitudinal PPE, the emulation of a fiber optic channel has a crucial impact on the 
estimation accuracy, especially for deep-learning based methods. It is well known that the 
propagation of an optical signal in an optical fiber follows a nonlinear Schrödinger equation. The LS-
based analytical estimation methods usually establish a fiber channel emulator based on the regular 
perturbative solution of the nonlinear Schrödinger equation [13]. On the contrary, the deep learning-
based methods usually create an artificial neural network that emulates the fiber optic channel 
according to the split-step Fourier (SSFM) algorithm for the nonlinear Schrödinger equation. For 
example, an optical fiber channel emulator using a deep learning network (DNN) was proposed by 
[3], which leveraged asymmetric SSFM to implement fiber-longitudinal PPE. The authors in [16] 
designed a double-effect digital back propagation (DBP) algorithm, which was actually a DNN, to 
simultaneously enable data communication and sensing of nonlinear fiber parameters. However, the 
correlation between the signal power of neighboring symbols when constructing the DNNs was 
ignored in both [3] and [16]. It is well known that chromatic dispersion causes an optical pulse to 
spread as it propagates through an optical fiber, which “spills” the optical signal power into 
neighboring symbols. The nonlinear phase shift at a specific symbol location is correlated with the 
power of multiple consecutive symbols, rather than only one. Furthermore, optical signals from 
different polarization streams contribute differently to the nonlinear phase shift [17]. Such 
phenomenon may be used to enhance the robustness of fiber channel emulators and improve the PPE 
estimation accuracy. However, only a few studies exist on this topic. 

In order to cover this research gap and further enrich the fiber-longitudinal PPE implementation 
methods, this paper proposes a fiber channel emulator based on convolutional neural networks 
(CNNs). It can account for the overlap of the power of consecutive symbols and the discrepancy 
between the different polarization streams. The research results demonstrated in this paper suggest 
that the emulator can be successfully employed with fiber-longitudinal PPE, and is applicable to 64 
GBaud/s fiber optic transmission systems. The rest of this paper is organized as follows: Section 2 
presents the overall framework of the method. The design philosophies of the channel emulator and 
the signal processing flow at the receiver side are described. Section 3 describes in detail the 
numerical simulation methodology for the DP-QPSK fiber optic transmission system, and provides 
the key parameters of the CNNs. The influences of polarization mode dispersion (PMD) and fiber 
launch power are carefully analyzed, and the variation in the PPE accuracy with and without the 
CNNs is also compared. The paper is concluded in Section 4. 

2. Principles of the Fiber-Longitudinal PPE Based on CNN 

The method used for constructing the channel emulator is vital to improving the accuracy of 
PPE. The channel emulator is actually a virtual and digital counterpart of a real fiber that simulates 
the reverse transmission of a signal. When the generated optical signal is launched into a standard 
single mode fiber (SSMF), its propagation satisfies the nonlinear Schrödinger equation. Due to the 
random variation and coupling of the state of polarization (SOP) in a long-haul SSMF, the following 
Markov equation is considered here instead of the Markov-PMD equations: 

                 2
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The reverse propagation of the signal in the virtual fiber is numerically approximated in the 
digital domain using the DBP based on the SSFM algorithm. That is, the virtual fiber is divided into 
many sections and its parameters are inverse of those of the real fiber. Within each section, the linear 
and nonlinear parts of (2) are executed independently of each other. The linear part corresponds to 
the dispersion effect and is implemented in the frequency domain as follows: 

( ) ( ){ }' 2 '2ˆ , exp( ) ,
2

D z t IFFT j h FFT z tβ ω   =     
A A ，

             （4） 

where FFT stands for the Fourier Transform, h  represents the step size of each section and IFFT 
stands for the Inverse Fourier Transform. The nonlinear part corresponds to the Kerr nonlinear effect, 
implemented in the time domain as 

( ) ( ) ( )2' ' ' 'ˆ , exp , .N z t j h z tγ  = − A A A                    （5） 

The shortcoming of (5) is ignoring of the interaction between dispersion and nonlinearity. The 
term 2'A  in (5) represents the summed power of the symbols at a given time slot. If dispersion is 

not considered, the propagating optical signal’s shape does not broaden, and the powers of different 
symbols do not overlap with one another. Thus, the nonlinear phase shift at a certain time slot is only 
related to the power of the current symbol. In reality, the chromatic dispersion should not be ignored, 
as the chromatic dispersion of optical fibers could cause the optical signals to broaden as they 
propagate. It causes the powers of different symbols to overlap at a given time slot location. 
Accordingly, the nonlinear phase shift must account for the power of the different symbols 
overlapping simultaneously in one time slot. Taking this phenomenon into account, (5) is modified 
as follows: 
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A A ，

   （6） 

where L  is an odd integer representing the number of symbols used to account for a nonlinear 
phase shift, and kc  is the real-valued weight coefficient. Furthermore, the intra-polarization and 

inter-polarization symbols contribute differently to the nonlinear phase shift. Consequently, (6) is 
modified as 

 （7） 

For the x polarization, a  and b  denote the intra-polarization and inter-polarization parameters, 
respectively, while for the y polarization, the parameters are reversed. 

As there are similarities between the computational architectures of an SSFM and an artificial 
neural network [18], this paper converts the channel emulators described by Eqs. (5)-(7) to artificial 
neural networks as shown in Figure 1. The inputs of these neural networks are time-domain 
waveforms sampled at the rate of 2 samples/symbol. Each neural network consists of many layers. 
Based on Eqs. (5)-(7), three types of networks with different types of layer structures are designed, as 
shown in Figure 2. In the following these neural networks are discussed: 

1）The first one is illustrated in Figure 2 (a), which is actually an ordinary DNN that contains a 
linear operator given by (4) and a nonlinear operator given by (5).  

2) The second one is designed according to (6). It considers the powers of L  consecutive 
symbols when calculating a nonlinear phase shift. The summing operation in (6) used for computing 
a nonlinear phase shift is equivalent to the convolution of the signal power 2A  and a finite impulse 

response filter (FIR) that has L  taps. The tap coefficient of the FIR is denoted as kc . Figure 2 (b) 
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shows the final outcome, i.e., a convolutional layer is inserted between the dispersion and the 
nonlinear phase-shift sections. It is referred to as a CNN in this paper.  

 

Figure 1. Machine-Learning based fiber optic channel emulator used in this paper. 

 
Figure 2. Three neural network configurations used to realize fiber-longitudinal PPE, (a) DNN, (b) CNN, (c) 
ECNN. 

3) To further enhance the estimation accuracy of PPE, the third type of neural network 
accommodates the difference between the contributions of different polarization symbols to a 
nonlinear phase shift. It is constructed according to (7) and shown in Figure 2 (c). It can be noted from 
the figure that the intra- and inter-polarization contributions in this neural network are denoted by 
a  and b , respectively. This paper refers to this third type of neural network as an enhanced CNN 
(ECNN). 

As Figure 1 shows, after handling dispersion and nonlinearity, the waveforms sampled at 2 
samples/symbol are down-sampled to 1 sample/symbol. The last stage of these neural networks, as 
shown in Figure 1, involves a phase rotation with the reference symbols given by the waveform 
reconstruction module, which eliminates the residual constellation phase offset. During the network 
training process, the mean square error (MSE) between the symbols output by these neural networks 

and the reference symbols is used as the loss function. That is, ( ){ }2 2ˆ ˆ 2x x y yMSE E S S S S= − + − , 

where 
xS  and 

yS  are the symbols on the two polarization streams of each neural network’s output, 

and ˆ
xS  and ˆ

yS  are the reference symbols. The effective SNR for symbols is defined as follows: 

2 2

2 2
1 1 1
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where 
sN  is the number of symbols contained in a waveform sample, P  is the number of training 

epochs, and B  is the mini-batch size. The trainable network parameters are denoted by 'γ , kc , a  

and b , which are optimized by minimizing the MSE using the Adam optimizer. 
Figure 3 shows the holistic configuration of the fiber-longitudinal PPE based on the proposed 

CNN. A typical long-haul DP-QPSK coherent fiber optic transmission system is considered in this 
method, but the signal processing is tailored for both the transmitter and receiver sides. The DSP in 
the transmitter primarily consists of QPSK symbol mapping, pulse shaping, and digital pre-emphasis. 
Figure 3 shows the DSP for implementing PPE in a coherent receiver. First, the electrical signal is 
matched-filtered and resampled. Second, the output signal goes through CD compensation, adaptive 
equalization using the Least-Mean-Square (LMS) algorithm, and pilot-assisted CPR, respectively. A 
perfect compensation of the frequency offset is assumed in this study. After CPR, the DSP in the 
coherent optical receiver is divided into upper and lower branches. In the former, the signal passes 
through the DSP chain for reference waveform reconstruction. As Figure 3 shows, the residual phase 
noise (RPN) within the signal is estimated and compensated in the upper branch, and subsequently, 
a symbol decision is rendered. Next, the reference symbols reloaded with RPN are produced and fed 
into the CNNs in the waveform reconstruction module. In the lower branch, the signal output from 
the CPR is reloaded with the CD, divided into batches, and finally fed into the channel emulator as 
depicted in Figure 1 and 2 for DBP. 

 
Figure 3. Configuration of a coherent optical DP-QPSK transmission system and the DSP for fiber-longitudinal 
PPE. 

3. Simulation Results and Discussion 

Figure 3 shows a numerical simulation platform for polarization multiplexing (PDM) M-QAM 
coherent optical communication system constructed to validate the effectiveness of the proposed 
method. It has a symbol rate of 64 GBaud/s and a modulation format of QPSK. The fiber optic link of 
this system is made up of multiple spans, with the number of fiber spans and the fiber length per 
span denoted as 

spanN  and 
spanL , respectively. The fiber under consideration has a nonlinear index 

of 2.6×10-20 m2/W and a dispersion parameter of 17 ps/nm/km. The PMD coefficient varies between 
0.01 and 0.1 ps/sqrt(km). When the forward transmission of an optical signal is simulated over a real 
long-haul fiber, the asymmetric SSFM is used to handle the dispersion and Kerr nonlinear effects. In 
addition, a coarse-step approximation method is used to simulate the polarization-related effects [19]. 
This method is also referred to as a waveplate model. The total line-width of the transmitter laser and 
the local oscillator is fixed at 10 kHz. The noise figure of Erbium-doped fiber amplifiers (EDFA) is 
chosen as 4 dB. The total CD accumulated on the fiber optic link is perfectly compensated with an 
electric domain DSP incorporated in the receiver. A frequency domain filter is used here. The random 
revolutions of SOP and the PMD are equalized using a data-aided LMS algorithm with 32 taps [20]. 

The neural networks shown in Figure 1 and 2 are built using TensorFlow, and the learning rate 
of the three neural networks is fixed at 0.0001. The impairment-contaminated waveforms and the 
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reference symbols output by the waveform reconstruction module are simultaneously fed into the 
three neural networks for training and parameter optimization. The Adam optimizer is used to 
minimize the loss function during 100 iterations. In each iteration, 10 waveforms are randomly 
selected out of a total of 1000 waveform samples and input into the three neural networks for training. 
Each iteration runs for 200 epochs. The final longitudinal power profile output by the three neural 
networks is obtained by averaging the results over 100 iterations. 

First, the performance of the three different neural networks shown in Figure 2 is examined in 
terms of the PPE accuracy. In this example, the total distance of the fiber optic link is 320 km, 
including four spans of 80 km each. When the SSFM algorithm is mapped to a neural network, each 
fiber span is partitioned into forty steps. It is assumed that there are no anomalous attenuation spots 
on the overall fiber optic link. The average optical power into the fiber is temporarily fixed at 3 dBm. 
The filter length for the two CNNs shown in Figure 2 (b) and (c) is chosen as 5 temporarily. The 
theoretical power profile is compared with that estimated by the proposed method at each spatial 
location. 

All results are presented in Figure 4 (a). In this figure, the DNN results are indicated by the solid 
line with triangular symbols, and the CNN results are marked by a solid line with square symbols. 
The ECNN results, on the other hand, are indicated by a solid line with circular symbols. As Figure 
4 (a) shows, the PPE accuracy of the DNN deteriorates considerably at the beginning and end of each 
fiber span. After using the proposed ECNN, the PPE accuracy at these locations is noticeably 
improved. In order to more clearly compare the performance of the three neural networks, the 
absolute error of PPE is computed at each spatial location as ( ) ( )ˆ

i iP z P z−  , where ( )iP z  is the 

theoretical power profile at position iz , and ( )ˆ
iP z  is the power profile estimated by the proposed 

method. Figure 4 (b) shows the obtained results, where it can be observed that the DNN results in 
the worst PPE accuracy, followed by the CNN. The ECNN performs the best, giving the highest PPE 
accuracy. 
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Figure 4. Comparison of PPE results for three neural networks: (a) power profiles; (b) absolute errors between 
ideal and measured results for DNN, CNN and ECNN. 

 
Second, the impact of the FIR filter length is investigated on the PPE performance of the ECNN. 

The fiber span number, length per span, and the power into the fiber remain unchanged from the 
previous section. The FIR filter length for CNNs is increased from 3 to 11 at intervals of 2. The PPE 
accuracy is quantified using the mean squared deviation (MSD) metric calculated as shown below: 

( ) ( )
2

1

1 ˆ
N

i i
i

MSD P z P z
N =

= − ，
                         （9） 

where N  is the number of spatial positions iz . For each filter length, the power profile is 

calculated ten times for this fiber link based on the proposed ECNN. Subsequently, the MSD for each 
power profile is derived according to (9). All the obtained results are shown in Figure 5, where the 
box plots are superimposed upon a scatter plot to provide the statistical distribution of these ten 
measurements. Each point in the figure represents one MSD of a power profile. The average of these 
ten measurements is also marked in bold red beside the box plot. It can be observed that the ECNN 
performs the best in terms of the PPE when the filter length is equal to 5, i.e., the optimal length of 
the FIR filter is equal to 5. Furthermore, the average MSD of PPE given by the ECNN is the minimum 
at only 0.13575. The PPE performance of the ECNN will degrade when the FIR filter length is less 
than or greater than 5. Therefore, the FIR filter length of CNNs is selected as 5 in the following 
experiments, unless stated otherwise. 
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Figure 5. Impact of the FIR filter length on the PPE performance of ECNN. 

 
Third, the impact of different optical power values into the fiber and PMD coefficients on the 

accuracy of PPE are investigated. For this purpose, the optical power into the fiber is increased from 
-2 dBm to 8 dBm, and the PMD coefficient of SSMF is chosen as 0.02 ps/sqrt(km). The fiber span 
number and length per span are kept the same as those in the earlier experiment. For each power 
value, the power profile of the fiber link is estimated using the DNN, CNN, and ECNN shown in 
Figure 2. Figure 6 (a) shows the corresponding MSDs. It can be observed that the PPE accuracy of 
DNN continuously degrades as the power into the fiber gradually increases. After incorporation of 
the convolutional layer in the neural network, the accuracy of PPE shows an obvious improvement. 
The PPE performance exhibited by the CNN and ECNN is significantly less dependent on the power 
transmitted into the fiber. The PPE accuracy of the latter is superior to that of the former. When the 
power is increased from -2 dBm to 8 dBm, the average relative improvement of the MSD of ECNN 
can be up to 71% with respect to that of the DNN. 
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Figure 6. Impact of the different optical power values into the fiber and PMD coefficients on the PPE 
performances of three neural networks: (a) optical power; (b) PMD coefficient of SSMF. 

To investigate the influence of the PMD coefficient, the power into the fiber is fixed at 3 dBm, 
while the PMD coefficient is increased from 0.02 to 0.20 ps/sqrt(km) at intervals of 0.03 ps/sqrt(km). 
For each PMD coefficient, the MSDs of the PPE output from the three neural networks are shown in 
Figure 6 (b). Comparing Figure 6 (a) and (b), it can be noted that the PMD coefficient has a 
considerably smaller impact on the PPE accuracy than the power into the fiber. The MSDs of PPE are 
almost invariant, showing minor variations with respect to the PMD coefficients. At a given PMD 
coefficient, the ECNN has the highest PPE accuracy, followed by the CNN and the DNN. 

Last, the PPE capability of the proposed method is verified for abnormal fiber links. The fiber 
span number and the length of fiber per span remain unchanged. The power into the fiber is fixed as 
3 dBm and the PMD coefficient is chosen as 0.02 ps/sqrt(km). It is assumed that the EDFA operates 
in the constant output power mode. Two abnormal scenarios are considered and the PPE 
performance of the proposed method is verified in these scenarios. The first scenario involves the 
appearance of a power attenuation anomaly of 5 dB right in the middle of the third fiber span. In the 
second scenario, two power attenuation anomalies of 3 dB and 5 dB occur simultaneously in the 
middle of the second and third fiber spans, respectively. The PPE results output from the proposed 
ECNN corresponding to the two scenarios are shown in Figure 7 (a) and (b), respectively. The actual 
locations where power attenuation anomalies occur are marked with cyan dots in these figures. It can 
be observed that at these abnormal locations, the ECNN outputs and the theoretical results deviate 
significantly, which indicates that the proposed method can detect the power anomalous attenuation 
successfully in both scenarios. 
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Figure 7. Power profile estimation capability of the proposed method in the abnormal fiber link: (a) the scenario 
where only one power attenuation anomaly occurs; (b) the scenario where two power attenuation anomalies 
occur simultaneously. 

4. Conclusions 

In summary, the paper proposed accuracy improvement of a fiber-longitudinal PPE using a 
CNN-based method. The working principle, optimization approach, and construction of CNN were 
first discussed in detail. Moreover, it elaborated on the signal processing of the corresponding fiber-
longitudinal PPE. The efficiency of the proposed method was verified by the numerical simulation 
of a 64 GBaud/s DP-QPSK coherent fiber optic transmission system. It was verified that the power 
into the fiber and PMD had a minor influence on the proposed method. The accuracy of PPE was 
substantially improved by using the proposed method, compared to without using it. The proposed 
method could correctly estimate the anomalous locations of several power attenuation anomalies on 
the fiber link. The results of this paper can prove to be a useful contribution to the development of 
DLM-based optical performance monitoring technology. 
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