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 Abstract—Digital coherent transceivers have developed to the 

stage that they can monitor the physical state of an optical 

network and thus are capable of generating data to build 

measurement-informed physical layer models. After reviewing 

the measurement capabilities of coherent transceivers, we discuss 

different modeling approaches including physics-based models, 

data-driven models as well as hybrid models that incorporate 

elements of both physics-based and data-driven models. Having 

reviewed both the measurement capabilities and the modeling 

methodologies, the salient features of building digital twins based 

on measurement informed models for optical fiber 

communication systems are discussed. 

 

Index Terms— Digital coherent receiver, optical 

communication systems, digital signal processing, digital 

twins.  

 

I. INTRODUCTION 

OHERENT transceivers are capable of performing 

physical layer measurements on any optical path that 

connects two transceivers. This in turn enables the 

inference of the physical parameters of both the fiber (e.g. 

attenuation, dispersion, nonlinear coefficient) and the 

associated optical amplifier (e.g. gain spectra, noise figure, 

saturated noise power). Since the advent of the digital 

coherent transceiver, there have been numerous studies 

regarding the efficacy of a coherent transceiver to measure 

different system parameters and impairments, including the 

spectrum of received signal [1], IQ imbalance [2], chromatic 

dispersion [3], channel parameters [4], transceiver skew [5, 6], 

and received signal-to-noise ratio (SNR) [7, 8, 9]. A recently 

investigated technique, digital longitudinal monitoring, shows 

promise as a very powerful technique for amplified systems, 

ranging from core networks to submarine links [10, 11]. Using 
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cooperation between transceivers across a network it may be 

possible to estimate localized effects including an individual 

optical amplifier noise spectrum as well as localized filtering 

due to a reconfigurable optical add-drop multiplexer 

(ROADM). As such, we have reached a point whereby digital 

coherent transceivers can not only characterize themselves but 

can also build up a picture of the whole optical network 

infrastructure. 

The resulting measurement data allow us to create the 

physical layer model. There are two basic approaches of 

modeling based on data: the physics-based model with 

unknown parameters extracted from measurement data and the 

data-driven model based on purely data without any 

underpinning physics [12]. In addition, there is a hybrid 

modeling approach that combines physics-based modeling 

with high reliability and interpretability and data-driven 

modeling for correcting any residual error for unobserved or 

neglected physics [13].  

With such advancement in metrology and measurement 

informed modeling, we can construct a ‘digital twin’ which 

can be considered as a digital mirroring of a physical system 

with automatic data/information exchange between them [14]. 

Though the concept of digital twins started in the aerospace 

and manufacturing industries, recently its application for 

optical fiber communication systems has attracted significant 

attention [15, 16]. Digital twins can be applied in design, 

operation and future change prediction in optical systems and 

networks. Applications already demonstrated using digital 

twins include soft-failure management [17], quality of 

transmission (QoT) estimation and prediction [18] and signal 

power spectrum optimization [19]. Different software tools 

have also been tested as digital twins, for example, the open-

source project GNPy [20], a time domain twin named OCATA 

[21], and a network automation framework called AI-Light 

[22]. 

As an extension of an invited tutorial talk presented at the 

Optical Fiber Communication Conference and Exhibition 

(OFC) 2023 [23], in this paper, first, we provide the concept 

of digital coherent transceivers and their measurement 

capabilities in detail. Then the physical layer modeling 

approaches from the measurement information are discussed. 

Such monitoring and modeling allow us to build digital twins 

for optical communication systems and networks [24]. 

Thereafter, we discuss the basic concepts and requirements for 

digital twins and then provide a literature review of recent 

works on digital twins in the field of optical communications. 

C 
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Finally, we conclude after discussing some of the open 

research challenges in this field.  

II. MEASUREMENT CAPABILITY OF DIGITAL COHERENT 

TRANSCEIVERS 

The widely deployed digital coherent receiver illustrated in 

Fig. 1, is both phase and polarization diverse, thereby able to 

linearly detect an incoming optical signal [25]. Using this 

receiver architecture, the entire electrical field associated with 

the optical signal within the bandwidth of the receiver is 

mapped into the electrical domain. Having linearly mapped 

the optical field into the electrical domain, it is then converted 

to the digital domain via analog-to-digital converters (ADCs) 

and processed with digital signal processing (DSP) to recover 

the information.  

 

Fig. 1. Schematic standard dual-polarization digital coherent receiver. (LO: 

local oscillator, PBS: polarization-beam-splitter, BPD: balanced photodiode, 

TIA: transimpedance amplifier, ADC: analog-to-digital converter, DSP: 

digital signal processing). 

The typical DSP chain in such a receiver includes 

compensation of IQ imbalance, equalization of static 

impairments such as chromatic dispersion (or mitigation of fiber 

nonlinearities), adaptive equalization of time-varying 

impairments, frequency offset estimation, carrier recovery, 

symbol estimation and decoding as summarized in Fig. 2 [26].  

 

Fig. 2. Typical DSP chain in a coherent receiver and list of different 

sensing/monitoring positions with an exemplary reference in the DSP flow. 

Provided that the full-field information is captured by the 

coherent receiver, the DSP can be used as a powerful tool to 

measure different physical layer parameters. The parameters that 

can be measured at different DSP stages are also illustrated in 

Fig. 2. Herein, we provide the underlying theory of such 

measurement capabilities in detail.   

A. Optical Spectrum Sensing 

The inherent frequency selectivity property of coherent 

receivers enables wideband spectral sensing [1]. The 

transmission frequency of the samples received by the coherent 

receiver is determined by the local oscillator (LO). Therefore, 

transforming the samples from the time domain to the frequency 

domain will provide a ‘slice’ of bandwidth equivalent to the 

sampling speed of the ADCs centered on the LO’s frequency. By 

tuning the LO to a frequency grid at regular intervals and 

sampling at each of these grid points, a wideband spectral 

estimation using a receiver can be realized. These slices can then 

be digitally stitched together to form an estimation as wide as the 

LO can tune. An example of spectrum estimation of full C-band 

is shown in Fig. 3 with eighty-eight 35-Gbaud PM-QPSK 

channels [27]. 

 

 

Fig. 3. Measured spectrum over C-band using the coherent receiver. From ref. 

[27]. 

Using a single coherent receiver for wideband spectrum 

estimation as in [27] ,  has the limitation that the receiver cannot 

be used as a part of traffic carrying channel since LO tuning is 

required. While this indicates what might be possible with co-

operation between transceivers, when capturing the spectrum of 

a single-channel it enables impairments from tight filtering at 

ROADMs to be mitigated [28] and soft-failure detection and 

identification [29]. Optical channel monitoring capabilities in an 

elastic optical network using SDN-based spectrum monitoring 

have also been demonstrated [30]. 

B. IQ Imbalance Estimation 

The receiver-side IQ phase imbalance results from 

imperfections in the 90° hybrid and IQ gain mismatch is 

induced by imperfections in balanced photodiodes and trans-

impedance amplifiers used in a coherent receiver as shown in 

Fig.1. In addition, timing mismatch between the IQ ports may 

be caused by the difference in the physical path length of the 

circuit trace, which is known as the IQ delay skew. 

The IQ gain and phase mismatch can be compensated and 

monitored using the Gram-Schmidt orthogonalization 

procedure (GSOP) [2].  For a particular polarization channel, 

the IQ gain mismatch level is estimated directly from real and 
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Chapter 2. SoftwareDefined Transceiver

2.4.2 C-band Spectrum Estimation

Figure 2.9: Experimental setup for C-band spectrum estimation of 88 channel 35 Gbaud WDM

system

The final experiment performs spectrum estimation over the 4.4 THz using the

experimental setup detailed in Fig. 2.9. The optical bandwidth is filled with 35 Gbaud

PM-QPSK channels in a WDM configuration on the standard ITU 50 GHz frequency

grid. Root raised cosinepulseshaping with roll off a = 0.14 isapplied to all thechannels.

The system is arranged in a back to back configuration. Commercially available

transceivers [14] are used to bulk modulate the channels, each slice of bandwidth that

can be estimated is ˜40 GHz in size. 1044 samples are accessible from the card for this

experiment, for a frequency resolution of ˜38MHz, or ˜0.0003 nm. The receiver line

card is C-band tunable and is swept along the spectrum in 25 GHz steps. Unlike the

previous estimation using a commercial transceiver, there are no gaps in the estimation.

The spectral estimation is generated using the 1044 samples per splice using the

MTM method [36] with 39 tapers and then digitally stitched together to form the

estimation in Fig. 2.10. The previously used cross correlation for alignment proved to

beunnecessary due to thestability of the local oscillator at the line card. It should be

noted that if this measurement is used for OSNR estimation that it is inherently limited

by the electrical SNR of the transceiver.
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imaginary parts of the incoming signals using the 

normalization of power, and the phase mismatch level is 

estimated from their correlation coefficient. If we consider that 

the angle between the I and Q component is / 2 − instead 

of / 2  as shown in Fig. 4, the received signal rI and rQ can 

be written as, 1Ir t=  and 2 1cos sinQr t t = − , where t1 and t2 

are transmitted signals with zero mean and unit variance. 

Then, the phase imperfection can be estimated by cross-

correlating rI and rQ as  

1

2 2
sin

I Q

I Q

r r

r r
 −

 
 =
  
 

 (1) 

 

Fig. 4. Visualization of non-orthogonality in a coherent receiver. 

A similar approach can be used to detect skew   

considering that skew is compensated at maxima of 

1 2( ) ( )r t r t + .  

C. Chromatic Dispersion Estimation 

The chromatic dispersion can be explained as an all-pass 

filter in the frequency domain and expressed as [31]: 

𝐻𝐶𝐷(𝑧, 𝜔) = exp (𝑗
𝜆2𝜔2

4𝜋𝑐
𝐷𝑧) (2) 

where, z is the propagation distance, ω is the angular 

frequency, λ is the wavelength, c is the speed of light and D is 

the chromatic dispersion coefficient.  

There are several blind algorithms to estimate the 

accumulated chromatic dispersion, Dz, which can be broadly 

classified as the scanning method and the single-step method. 

In the case of the scanning method, the received signal is 

filtered with a chromatic dispersion compensating digital filter 

having a transfer function of 1/𝐻𝐶𝐷(𝑧, 𝜔) over a range of 

preset chromatic dispersion such as 0: 𝛿(𝐷𝑧): (𝐷𝑧)𝑚𝑎𝑥, where 

𝛿(𝐷𝑧) is scanning resolution and (𝐷𝑧)𝑚𝑎𝑥 is estimation range. 

Then, a cost function from the equalized signal is utilized to 

select the estimated value. Several cost functions are 

investigated such as based on the constant modulus algorithm 

(CMA) [32], signal peak-to-average power ratio (PAPR) [33], 

modified discrete circular auto-correlation in the frequency 

domain [34], etc. Generally, for a scan-based algorithm, a 

smaller scanning step size is required for more accurate 

estimation, which in turn increases the computational burden. 

A way to reduce the scanning number is to do a coarse 

estimation with a large step size and then a fine scanning 

around the estimated value in the first stage. 

In contrast, signal power autocorrelation can be used to 

estimate the chromatic dispersion in one step [3]. The 

autocorrelation function of the received signal power has two 

components: the first component is related to the power of 

individual symbols and the second component is related to the 

interference between symbols. For a sufficiently high 

chromatic dispersion, the first term is a constant and the 

second term gives a peak value, whose position is related to 

the accumulated chromatic dispersion. This method assumes 

that the input signal is a Gaussian pulse and thus provides an 

inaccurate result for a small accumulated dispersion. To 

overcome this problem, a large known chromatic dispersion 

can be artificially added before the estimation and then 

subtracted after the estimation to predict the correct value 

[35].     

D. Multi-Parameters Estimation from the Adaptive Equalizer 

Considering the usual arrangement of 2×2 complex FIR 

filters as shown in Fig. 5 to correct for dynamic channel 

impairments [31], the filter tap coefficients of the equalizer 

after the convergence represent the inverse impulse response 

of the channel, thus enabling monitoring of the channel 

parameters. 

 

Fig. 5. Configuration of 2×2 MIMO equalizer used to compensate for the 

dynamic channel impairments. xi and yi are the inputs and xo and yo are the 

outputs of the equalizer for x- and y- polarization, respectively. 

A two-by-two monitoring matrix M (𝜔) can be constructed 

with four elements corresponding to the transfer function of 

four filters as: 

𝐌(𝜔) = [
𝐇𝒙𝒙(𝜔) 𝐇𝒙𝒚(𝜔)

𝐇𝒚𝒙(𝜔) 𝐇𝒚𝒚(𝜔)
]

−1

≈ 𝐇𝑓𝑖𝑏𝑒𝑟(𝜔),  (3) 

where, 𝐇𝑖𝑗(𝜔) = DFT (𝐡𝒊𝒋); ij=xx, xy, yx or yy, DFT is 

discrete Fourier transform and ω is the angular frequency of 

the optical carrier.  𝐇𝑓𝑖𝑏𝑒𝑟(𝜔) is the transfer function of the 

fiber channel which can be modeled as the concatenation of 

chromatic dispersion, differential group delay (DGD), 

polarization-dependent loss (PDL) and polarization rotation 

elements as: 

𝐇𝑓𝑖𝑏𝑒𝑟(𝜔) = 𝐻𝐶𝐷(𝜔) × 𝐔(𝜔) × 𝐊 × 𝐉, (4) 

Chromatic dispersion is a scalar element given by Eq. (2), 

with DGD, PDL and polarization rotations elements 

xi xo

yoyi

hxx

hxy

hyx

hyy
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represented by U(ω), 𝐊 and 𝐉, respectively, in the matrix forms 

given by [36]: 

𝐔(𝜔) = 𝐑1
−1 [𝑒

𝑗𝜔Δ𝜏
2 0

0 𝑒−
𝑗𝜔Δ𝜏

2

] 𝐑1
−1, 

 

𝐊 = 𝐑2
−1 [

√Γ𝑚𝑎𝑥 0

0 √Γ𝑚𝑎𝑥

] 𝐑2
−1, 

 

𝐉 = [ cos 𝜃 sin 𝜃 𝑒−𝑗𝜙

−sin 𝜃 𝑒𝑗𝜙 cos 𝜃
], 

 

where, 𝐑1 is a unitary matrix converting two PSPs into the x- 

and y-polarization, Δ𝜏 is the DGD, 𝐑2 is another unitary 

matrix converting the eigenmodes for PDL into the x- and y-

polarization, Γ𝑚𝑎𝑥  and Γ𝑚𝑎𝑥  are the maximum and minimum 

transmission efficiency, respectively, and  2θ and ϕ are the 

azimuth and elevation rotation angles between two 

polarization states, respectively. 

The challenge is to separate all these channel parameters 

from a single matrix M(ω). Several algorithms have been 

investigated for this purpose [36, 37, 4] which are based on the 

characteristics of different channel parameters. The HCD is a 

scalar function, U is a frequency-dependent unitary matrix, K 

is a Hermitian matrix and J is another unitary matrix whose 

elements are independent of angular frequency. As an 

example, the four parameters can be estimated as follows: 

Residual chromatic dispersion can be estimated by quadratic 

fitting to the unwrapped phase of the determinant of the 

monitoring matrix, |𝐌(𝜔)|. 
The DGD can be estimated by measuring the monitoring 

matrix at two frequencies ω and ω +Δω and then calculating 

the eigenvalues ρ1 and ρ2 of the matrix 𝐌(𝜔 + ∆𝜔)𝐌(𝜔)−1. 

The DGD, Δτ is given as ∆𝜏 =
arg (𝜌1/𝜌2)

∆𝜔
. 

The PDL is estimated from the eigenvalues Γ1 and Γ2 of 

matrix 𝐌(𝜔)H𝐌(𝜔) as 10log10(Γ1/Γ2), where superscript (.)H 

is the Hermitian operator. 

Finally, to estimate the change in the polarization state, the 

monitoring matrix at DC can be used. If we consider an input 

𝐉𝐱,𝐢𝐧 = [1, 0]T with the horizontal polarization, the average 

output (at DC) will be 𝐉𝐱,𝐨𝐮𝐭 = [𝐸𝑥 , 𝐸𝑦]
𝑇

= [𝐻𝑥𝑥(0), 𝐻𝑥𝑦(0)]
𝑇
. 

This allows the Stokes parameter to be estimated as [38]: 

 𝐒 = [

𝑆0

𝑆1

𝑆2

𝑆3

] =

[
 
 
 
 |𝐸𝑥|

2 + |𝐸𝑦|
2

|𝐸𝑥|
2 − |𝐸𝑦|

2

𝐸𝑥𝐸𝑦
∗ + 𝐸𝑥

∗𝐸𝑦

𝑗𝐸𝑥𝐸𝑦
∗ − 𝑗𝐸𝑥

∗𝐸𝑦]
 
 
 
 

. (5) 

Measuring the Stokes parameter at successive time instances 

enables the estimation of changes in the polarization state. 

Recently several exciting new applications enabled by such 

polarization fluctuation monitoring have been demonstrated. 

For example, in [39], the link monitoring and active detection 

of link tampering were demonstrated in the metro network by 

sensing the SOP in an FPGA-based real-time coherent 

transceiver prototype. A similar approach was used to monitor 

environmental perturbations affecting the fiber link from the 

field trail data measured on cabled multi-core-fibers (MCF) 

with nominally uncoupled cores deployed in the city of 

L’Aquila, Italy [40]. Measuring the mechanical stress on an 

optical fiber and consequently proactive fiber damage 

detection was demonstrated in [41]. The SOP monitoring from 

the filter taps of regular optical telecommunication channels 

was used to successfully sense the seismic and water waves 

over a 10,000-kilometer-long submarine cable (Curie cable) 

connecting Los Angeles and Valparaiso Chile [42].  

To compensate for the receiver IQ skew, a complex-valued 

4×2 MIMO as detailed in Fig. 6 can be used as an alternative 

to 2×2 MIMO. Such equalizer thus enables the estimation of 

IQ skew from the filter taps after convergence. The delay is 

noticeable in the frequency domain as a linear variation of the 

phase and it is a function of the frequency. Therefore, to 

estimate the skew, first, the differential phases are calculated 

from the frequency response of the converged filter tap 

coefficient as [5]: 

𝜑𝑥(𝑓) = arg{𝐇𝑥𝑟,𝑥 ∙ 𝐇𝑥𝑖,𝑥
∗ + 𝐇𝑥𝑟,𝑦 ∙ 𝐇𝑥𝑖,𝑦

∗ }, (6) 

𝜑𝑦(𝑓) = arg{𝐇𝑦𝑟,𝑥 ∙ 𝐇𝑦𝑖,𝑥
∗ + 𝐇𝑦𝑟,𝑦 ∙ 𝐇𝑦𝑖,𝑦

∗ },  (7) 

where, 𝐇−,− = DFT(𝐡−,−) and superscript (.)* is the 

conjugate operation. The skew can be inferred from this phase, 

for example, by exploiting a linear regression of the phase to 

find the slope, which is proportional to the skew [5]. 

 

Fig. 6. Configuration of 2×4 MIMO equalizer to incorporate compensation 

and estimation of receiver-side IQ skew. 

 

Fig. 7. Configuration of 4×4 real-valued MIMO equalizer to allow 

compensation and estimation of transmitter-side IQ imbalance. 
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After the carrier phase recovery, for each polarization 

channel, another 4×4 real-valued MIMO equalizer as shown in 

Fig. 7 can be used to compensate and monitor the transmitter 

side IQ imbalance [6]. The gain imbalance is estimated from 

direct tap coefficients as: 

𝑔𝑖̂ ,𝑑𝐵
= 20log10 (

∑𝐡𝑟𝑟

∑ 𝐡𝑖𝑖
) (8) 

The phase imbalance is calculated from direct and crossed 

tap coefficients as: 

𝜃̂𝑑𝑒𝑔 = 2sin−1 (
∑𝐡𝑖𝑟

∑𝐡𝑟𝑟
)

180

𝜋
= 2sin−1 (

∑𝐡𝑟𝑖

∑𝐡𝑖𝑖
)

180

𝜋
 (9) 

Finally, the frequency-dependent skew is estimated from the 

group-delay difference of the direct tap coefficient as: 

𝜏̂(𝜔) =
𝑑𝑯𝑟𝑟(𝜔)

𝑑𝜔
𝑯𝑟𝑟(𝜔)−1 −

𝑑𝑯𝑖𝑖(𝜔)

𝑑𝜔
𝑯𝑖𝑖(𝜔)−1 (10) 

E. SNR Monitoring 

SNR, the ratio of signal power to noise power, is a generic 

metric used to measure transmission performance in 

telecommunication engineering [43]. In a coherent receiver, 

when the SNR is evaluated in the digital domain before FEC 

to include both linear and nonlinear noise, it is often called 

effective SNR (ESNR) or generalized SNR (GSNR) [44]. In 

contrast, the optical SNR (OSNR), measured in the optical 

domain before the coherent receiver, considers amplified 

spontaneous emission (ASE) noise only for an optically 

amplified system as defined in the IEC-61280-2-9 standard. 

Sometimes the term generalized OSNR (GOSNR) is also used 

to describe optical GSNR to include the nonlinear noise [45]. 

There are several stages in the DSP chain where the SNR 

can be estimated as shown in Fig. 2. It can be measured 

straight after the digitization of ADCs raw data, after the 

adaptive equalization with the equalized signal or at the 

symbol estimation and decoding stage. 

First, consider the SNR estimation straight after the 

digitization. It can be done by loading a spectral perturbation 

at the transmitter, for example, a simple dual-notch 

perturbation can be utilized for this purpose [7]. The dual-

notch filter is symmetric around the carrier as illustrated in 

Fig. 8, where the bandwidth of the notch is BWN and the 

bandwidth of the transmitted signal is BWT. A digital coherent 

receiver is then used to measure the underlying noise floor 

segments that are spectrally stitched with contiguous noise 

floor spectra which enables the separation of signal and noise 

components in the frequency domain and thus estimation of 

associated signal-to-noise-distortion ratio (SNDR). This 

technique is simple and can be used at the start-up time. 

However, this method has the drawback that while using it for 

continuous monitoring purposes, some spectrum is sacrificed 

to include the notch, thereby decreasing the spectrum available 

for data modulation.   

 

Fig. 8. Illustration of a dual-notch perturbation used to measure the SNR.  

To overcome such limitation, a second approach is to 

estimate the SNR after the dynamic channel equalization. This 

technique was first demonstrated for the QPSK equalized 

signal after the CMA by taking the second- and fourth-order 

statistical moments of the equalized signal [8, 46]. Later, its 

extension for the M-QAM format is demonstrated in [47, 48], 

where the SNR is estimated as:  

SNR𝑑𝐵 = 10log10 {
√2𝑀2

2−𝑀4

𝑀2−√2−𝑘𝑠 −√2𝑀2
2−𝑀4

},  (11) 

where, M2 and M4 are the second- and fourth-order moments 

of the measured equalized signal and ks is the kurtosis of 

transmitted symbols which is constant for a particular 

modulation format. The benefit of this method is that the 

estimation performance is independent of transmission 

impairment as it is measured after equalization. It is also 

unaffected by phase noise even though it is estimated before 

carrier recovery as the method is based on amplitude noise 

alone. The drawback of this method is that the estimation 

performance is degraded with the increase of modulation 

order. However, techniques such as partitioning the ring of 

higher-order QAM constellation can be utilized to improve 

performance [49].  

Another straightforward approach to estimate SNR is at the 

end of the receiver DSP chain when the signal has been 

recovered. At this stage, the error vector is calculated by the 

vector subtraction of the ideal transmitted signal and measured 

signal as shown in Fig. 9. Then, the error vector magnitude 

(EVM) which is defined as the rms value of error vectors 

measured from the received symbols are computed as [50]: 

EVM = √{
1

𝑁
∑ |𝑠𝑚(𝑛) − 𝑠𝑖(𝑛)|2𝑁

𝑛=1 } 𝑃0⁄ ,  (12) 

where, N is the number of symbols over which the value of 

EVM is estimated, sm (n) is the nth measured received symbol, 

si (n) is nth the ideal transmitted symbol and P0 is either the 

maximum ideal symbol power or the average power of all 

symbols in the constellation. For the data-aided system, si (n) 

is the known transmitted symbol whereas for a non-data-aided 

system, this is the decoded symbol from sm (n). Once the EVM 

is measured, the SNR can be calculated from the analytical 

formula as in [9, 51]: 

f

PSD (f)
BWNBWN

BWT
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EVM =
1

𝑘
[

1

SNR
− √

96

𝜋(𝑀 − 1)SNR
∑ 𝛾𝑖𝑒

3𝛽𝑖
2SNR

2(𝑀−1)

√𝑀−1

𝑖=1

+
12

(𝑀 − 1)
∑ 𝛾𝑖𝛽𝑖erfc (√

3𝛽𝑖
2SNR

2(𝑀 − 1)
)

√𝑀−1

𝑖=1

]

1/2

 

 (13) 

where, k is a modulation format dependent factor, M is the 

modulation order, 𝛾𝑖 = 1 − 𝑖/√𝑀 and 𝛽𝑖 = 2𝑖 − 1. The 

expression in Eq. (13) is for a non-data-aided EVM 

calculation and this relationship can be simplified as EVM ≈

1/𝑘√SNR in the case of high SNR. 

 

Fig. 9. Illustration of error vector definition. 

The OSNR is related to SNR as OSNR =
𝑝𝑅𝑠

𝐵𝑟𝑒𝑓
SNR [43]. 

where, p = 1 for single-polarization or 2 for dual-polarization 

signal, Rs is the symbol rate and Bref is the reference bandwidth 

which is usually chosen as 0.1 nm. Note that, a further 

calibration factor needs to be considered for the SNR-OSNR 

relationship to include the impact of optical filtering from 

routing nodes in an optical network [52, 53]. 

For a polarization multiplexed system, a similar OSNR is 

expected on both polarization tributaries, however, this is not 

the case in the presence of PDL [54]. The OSNR fluctuation 

depends on the orientation of the polarization multiplexed data 

signal and the PDL element. The worst-case scenario is when 

the lossy axis of the PDL element is aligned to one of the 

polarization channels. The OSNR fluctuation associated with 

PDL cannot be fully compensated using receiver DSP, 

however, it be mitigated, for example, by controlling the SOP 

at the transmitter side [55].       

The SNR can also be inferred from the pre-FEC BER. For 

example, SNRBER relates to BER for an M-QAM signal as 

[56]: 

𝐵𝐸𝑅 ≅ 𝐴 erfc(√𝐵𝑆𝑁𝑅𝐵𝐸𝑅)  (14) 

where, erfc(⋅) is the complementary error function and A and 

B are modulation format dependent factors.  

In practice, when the SNRBER is estimated in a modem, an 

eye-closure (EC) factor (with EC<1, depends on modem 

parameters such as the DSP and jitter) is multiplied with 

SNRBER to obtain the accurate SNR [57]. The EC can be 

measured by comparing the SNR measured with an optical 

spectral analyzer (OSA) and that from pre-FEC BER [58]. 

Assuming the noise is Gaussian, another performance metric, 

Q2-factor can be estimated from the pre-FEC BER such that 

Q2 − factor [𝑑𝐵] = 20log10(√2 erfc−1(2 × BER)) [59].   

Noise Segregation: 

Although a receiver can measure overall SNR, it is generally 

composed of several elements. It is therefore useful to 

segregate the different elements for network design and 

management purposes. Assuming that the contributing noise 

terms are independent and Gaussian, we can sum the inverse 

of the SNR being the noise-to-signal ratio (NSR) from the 

element to obtain the overall NSR from which the total SNR 

can be calculated. This is a reasonable assumption for a high 

dispersion system and the basis of the Gaussian noise (GN) 

model [60]. Thus, the total SNR can be expressed as [61, 62]: 

SNR𝑡𝑜𝑡𝑎𝑙 = {
1

SNR𝐿𝐼𝑁
+

1

SNR𝑁𝐿𝐼
+

1

SNR0
}
−1

, (15) 

where, SNR𝐿𝐼𝑁 corresponds to the linear term which is coming 

from the ASE noise of the amplifiers, SNR𝑁𝐿𝐼 is the nonlinear 

term stemming from the fiber Kerr linearity, and SNR0 is the 

modem-dependent term including transceiver noise, 

quantization noise, implementation penalty from DSP, etc. 

One means of noise segregation is to exploit a key property 

of each noise term, for example,  SNR0 does not change with 

propagation distance in contrast to the other two noise terms 

SNR𝑁𝐿𝐼 , SNR𝐿𝐼𝑁 which are distance-dependent. Likewise, 

unlike SNR𝑁𝐿𝐼 , SNR𝐿𝐼𝑁 is independent of launch power. Thus, 

we can rewrite Eq.(15) as [63]:  

SNR𝑡𝑜𝑡𝑎𝑙(𝑘) = {
𝐴𝑆𝐸0𝑘

𝑃𝑠𝑖𝑔
+ 𝛾2𝑓(𝑘)𝑃𝑠𝑖𝑔

2 +
1

SNR0
}
−1

, (16) 

where, k is the number of spans, ASE0 is the average ASE 

noise power per span, Psig is the signal power, γ is the 

nonlinear coefficient, and f (k) is a pre-calculated factor by the 

EGN model [64]. Now, the link can be abstracted using the 

three global parameters (total ASE noise, 𝐴𝑆𝐸 (𝑘) = 𝐴𝑆𝐸0𝑘, 

NLI coefficient, 𝜂(𝑘) = 𝛾2𝑓(k) and SNR0) extracted from the 

experimental measurements using Eq. (16). Such an approach 

is experimentally verified in [63]. 

Another approach for noise segregation is decomposing the 

noise variance for each symbol into its normal, n, and 

tangential, t, components. For an M-QAM signal, it is possible 

to calculate the average of each constellation ring resulting Nv 

and Tv (v is the ring index), respectively, and these metrics 

correspond to a classification of the noise components of the 

EVM metric which is directly related to SNR. An example for 

16-QAM is shown in Fig. 10 for which SNR is calculated as 

[65]: 

𝑆𝑁𝑅16−𝑄𝐴𝑀 =
16

4𝑁1+8𝑁2+4𝑁3+4𝑇1+8𝑇+4𝑇3
.  (17) 

To segregate the SNRLIN and SNRNLI, machine learning 

(ML) based modeling can be used. For example, in [65], a 

neural network (NN) was used for SNR decomposition with 
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input features as Nv, Tv, number of WDM channels and 

accumulated chromatic dispersion while the output label of 

NN was SNRLIN and SNRNLI.  

 

Fig. 10. Illustration of normal and tangential components for 16-QAM 

modulation format. 

There are several other approaches for noise segregation 

such as the use of amplitude noise correlation across 

neighboring symbols [66], amplitude modulation pilot tone 

[67], ML-based approach using amplitude noise covariance 

and phase noise covariance [68, 69], etc. 

F. Digital Longitudinal Monitoring 

The coherent receiver-based monitoring discussed so far can 

only estimate the cumulative values along the entire fiber link. 

However, it would be significantly useful if the receiver 

provides not only the cumulative values but also the variation 

of such parameters as a function of distance.   

The monitoring of fiber longitudinal parameters includes 

fiber link power (or loss) profile, chromatic dispersion maps, 

individual characteristics of link components like amplifier 

gain spectrum, the response of the optical filter and so on. 

Usually, analog measuring instruments like optical time-

domain reflectometers (OTDR) and OSA are used for such 

monitoring purposes. Recently, as an alternative, monitoring 

of such parameters using the DSP in the coherent receiver has 

been demonstrated and termed as digital longitudinal 

monitoring (DLM) [70]. 

Early work in this field demonstrated measurements of the 

wavelength-dependent power profile and gain evolution over 

ten 80-km span links by sending a pump and a probe/pilot 

signal at two different wavelengths and exploiting their 

nonlinear interaction [71]. Albeit the technique provided good 

accuracy with a maximum error of 0.3 dB, it required two ITU 

channels for measurement. Therefore, attention turns to the 

methods that enable measurement from a data traffic-carrying 

channel. 

First, consider the case of longitudinal power profile 

monitoring. The power variations due to fiber losses and 

amplifications along a link are governed only by 𝛾′(𝑧) in the 

nonlinear Schrödinger equation: 

𝜕𝐴

𝜕𝑧
= 𝑗

𝛽2

2

𝜕2

𝜕𝑡2 𝐴 − 𝑗𝛾′(𝑧)|𝐴|2𝐴, (18) 

where, 𝛾′(𝑧) = 𝛾𝑃(0)exp (−∫ 𝛼(𝑧′)𝑑𝑧′𝑧

0
). Also, A, β2, γ, α 

and z are propagated optical signal, group-velocity dispersion 

parameter, nonlinear coefficient, loss coefficient and 

propagation distance, respectively. To estimate the 

longitudinal power profile, 𝛾′(𝑧), which carries the power 

variation information is estimated by comparing the received 

signal, ARx [L] and virtually propagated reference signal Aref  

[L] for the link length L. The estimation of 𝛾′(𝑧), denoted by 

𝛾 ′̂(𝑧) can be obtained using either correlation methods (CM) 

[72, 73, 11] or minimum mean square error (MMSE) [70, 74, 

75] as shown in Fig. 11. The CMs are more robust to noise 

and distortion than the MMSE methods. However, unlike the 

CMs, the MMSE methods have the benefit that the estimation 

performance is independent of modulation formats. Since the 

longitudinal power profile monitoring is based on fiber 

nonlinearity estimation, it performs well with high launch 

power. The estimation performance is expected to deteriorate 

with a decreasing launch power. Further investigation is 

required on the estimation performance for the system 

operating on linear or weakly nonlinear regions. 

 

Fig. 11. Schematic of the principle of longitudinal power profile estimation 

models.  

Obtaining longitudinal power profile estimation in each 

channel of a WDM system enables a wavelength-dependent 

visualization of the power profile along the link. This in turn 

allows estimation of the optical amplifier gain spectrum. It 

also enables the detection of amplification-related anomalies, 

such as gain tilt and narrowband gain compression. The 

applicability of this method has been demonstrated for both 

EDFA [76] and Raman amplifiers [77]. 

The other applications of digital longitudinal monitoring 

include location-resolved PDL monitoring in a multi-span 

transmission link [78], extraction of chromatic dispersion 

profile and optical filter (e.g. WSS) response [70].   

III. MEASUREMENT-BASED PHYSICAL LAYER MODEL  

Most models we use are informed by measurements and the 

model in turn informs the measurements to be taken for the 

model. For a physical layer model, the properties or 

n

t

ring  1

ring  2

ring  3

I

Q
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parameters are informed by physical measurements. From 

experimentally measuring parameters we can feed them into a 

theoretical model or equally, we can generate a pure data-

driven model without any underpinning physics. Generally, 

there is also a link between our physical understanding of the 

entity to be modeled and the model as shown in Fig. 12. This 

allows us to get an understanding of what is happening in the 

physical entities and the model. Now, this could be a model 

based on our understanding of the physics of the problem. It 

also could incorporate a-priori knowledge of what model 

parameters might be reasonable either in terms of value or 

range. So, if the model gives a prediction that is outside the 

range, we understand there is something wrong with our 

measurement. Furthermore, we want to interpret the model to 

check our understanding.  

 

Fig. 12. The link between the physical understanding of the entity to be 

modeled, the model and the measurement data. 

While not explicit there is a loss function that informs this 

feedback. Generally, we are looking for the simplest model 

that can explain the measurement data within the accuracy of 

the measurements. Measurements always have uncertainty 

associated with them. Physical layer models need to take this 

into account. There are several approaches to deal with this. 

For example, the statistical distribution of the parameters can 

be included into the model. We can also limit the complexity 

of the model to the minimum which gives the accuracy 

comparable to the accuracy of the measurements. Further, we 

can perform Latin hypercube sampling for the input variables 

to efficiently sample from the parameter space [79]. 

Usually, optical networks are designed with a high level of 

performance margin to ensure service level agreements 

(SLAs) throughout the system's lifetime. A significant portion 

of the design margin is maintained to account for the 

inaccuracy of performance metrology tools or physical layer 

parameter uncertainties over the lifespan. We can learn from 

the physical layer measurement data to account for such 

uncertainties in the performance estimation model. The overall 

performance uncertainties can be linked with input parameter 

uncertainties and consequently resulting in the minimization 

of the performance margin [80]. The ML approach such as 

based on the gradient descent method can be used to reduce 

the uncertainty of some input parameters for the QoT model 

[81]. Statistical ML approach, for example, the Gaussian 

process (GP) is also a powerful tool to account for the level of 

uncertainty associated with predictions [82]. It is quantified in 

an interpretable way by defining a confidence region in terms 

of the number of standard deviations of variation away from 

the predictive mean. Some of the performance estimator 

inaccuracies arise from the uncertainty of the fiber type used 

in the network. To reduce such uncertainties, fiber types for all 

unknown links in an optical network can be identified by 

monitoring accumulated chromatic dispersion over all network 

light paths [83]. In an open, multi-vendor system, such as open 

ROADM, the uncertainty of the optical characteristics of the 

networks is increased due to the variety of components used 

for the deployment. Thus, the physical layer abstraction for 

such a multi-vendor network is particularly important to 

accurately evaluate the performance metric. For an Open 

ROADM system, a so-called ‘living network’ was proposed 

which constantly monitors the performance of an established 

light path by means of collecting BER information using an 

active spare coherent transponder [84]. Alternatively, a 

dynamically configurable optical impairment model enabling 

physical parameters learning for accurate QoT estimation was 

investigated in [85]. The European project ORCHESTRA 

utilized a coherent transponder as a software-defined optical 

performance monitor and then monitoring information was 

analyzed to obtain accurate knowledge of the physical layer 

and consequently used to optimize the network to reduce 

overprovisioning and regulate the margin [86]. The ability of 

the ORCHESTRA solution to meet the fundamental 

requirements for margin-less operation of optical networks 

was also demonstrated in [87].  

 

Classification of Modeling:        

There are different approaches of modeling, from the pure 

physics-based white box model to the data-driven black box 

model as shown in Fig. 13. The hybrid model provides grey 

box modeling which combines both physics- and data-driven 

approaches.     

 

Fig. 13. Model spectrum: from physics-based white-box to data-driven black-

box model.  

A. Physics-Based Model 

The physics-based models use a set of governing equations 

representing known and understood physical phenomena of 

the system to be modeled. All equations and parameters are 

known, though the model uses unknown parameters that need 

to be inferred from measurement data. 

 Generally, physics-based models are very reliable and 

interpretable, with the behavior typically bounded by the 

underpinning physics. As such, usually, the error of the model 

can be estimated and bounded. Also, it is less sensitive to bias. 

Measurement 
data

Model

Understanding
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Additionally, it is more generalizable for new systems with 

similar physical phenomena. 

 However, when creating a physics-based model, it is 

generally a simplification of the complete physics of the 

system. When the model operates in a regime where the 

simplification may not be valid, a residual error will occur, 

because, some relevant physics may be unobserved, neglected 

with simplifying assumptions, setting boundary conditions or 

uncertainties in the input parameters. Also, if the physical 

system significantly changes throughout its lifetime, it may 

behave poorly unless the models are updated to reflect the 

changes. 

B. Data-Driven Model 

Data-driven models attempt to create a model based purely 

on data without reference to the underpinning physics. There 

are no system equations or known parameters, rather the 

model behaviors are determined solely by measurement data 

used to create this. Most of the traditional ML models are 

data-driven black box models. 

Data-driven models are very effective for problems that are 

too complicated to explain by pure physics. This approach 

includes neglected/unknown physics and thus if tuned and 

trained perfectly, can replicate complete physics. It also offers 

the benefit of continuous updates while the physical system is 

running and thereby adjusts for any changes that the physical 

system undergoes over time. 

However, data-driven models are biased toward the data 

used to train them and thus have limited generalizability. Even 

with recent research focused on explainable artificial 

intelligence [88], it is still challenging to prove accurately 

what physics is modeled. Thus, purely data-driven modeling 

will give less confidence to use in critical applications. 

Additionally, only a data-driven approach generally requires a 

very large amount of data for training and thus can be very 

computationally expensive. It can also suffer from an 

‘overfitting’ problem by learning coincidental features or 

noise, which will cause a well-trained model to perform 

poorly with new data. 

C. Hybrid Physics- and Data-Driven Model 

The hybrid approach of physics- and data-driven modeling, 

forming a grey box model, can merge the benefits of both a 

physics-based and data-driven approach. This approach uses 

some physics and some measurement data, however, requires 

much less data than a purely data-driven approach.  

Hybrid models are a particularly desirable option for digital 

twin applications for several reasons. They allow for online 

model updates unlike physics-based models and relax the 

requirement of large computational power with big data for 

data-driven models. They also enable avoiding the uncertainty 

of fully data-driven models and eliminating the ‘overfitting’ 

problem of the training dataset. 

There are several hybrid physics- and data-driven approaches 

such as physics-informed ML [89], reduced order model [90], 

physics-guided neural network [91], hybrid analysis and 

modeling [92], and so on.  

Among the above different techniques, the application of 

physics-informed ML for optical communication has been 

emerging in recent years [93, 94]. Both the NN and kernel-based 

physics-informed methods are demonstrated. For example, 

physics-informed NN was used to solve the nonlinear 

Schrödinger equation (NLSE) in an optical fiber to estimate the 

fiber parameters [95]. The physics-informed GP regression 

method was used for the same purpose [96] as well as for the 

SNR estimation [82].  

There are three key components of ML-based problem-

solving: data, model architecture and optimization. Each of 

these can be integrated with physics-based knowledge to form 

physics-informed ML [97]. A typical way for embedding 

physics in data is to generate training data in simulation with 

the desired physics knowledge. A NN initially trained with 

such data will deliver a good approximation of the physical 

system. Designing computation graphs that mimic the 

behavior of physics knowledge is an example of physics-

informed NN architecture design. Finally, in the optimization 

process, the prior physics-based knowledge can be directly 

incorporated into the loss function in the training process 

which tends to converge the model close to the possible 

physics-based solution. 

 

Fig. 14. The concept of hybrid analysis and modeling: the model starts with a 

pure physics-based model and continuously updates using knowledge 

generated from the data.  

Another promising hybrid physics and data-driven 

approach is hybrid analysis and modeling which emerges in 

digital twin applications [92, 13]. The concept of how it works 

is illustrated in Fig. 14. The first step of this modeling is to use 

a well-understood physics-based method. The uninterpretable 

observation at this stage can be considered as an interpretable 

residual. This is modeled in the second step, with an 

interpretable data-driven approach. An uninterpretable 

residual remains after the second step which is modeled using 

a black-box model in the third step. The remaining residual 

after the third stage can be considered as random noise. With 

the availability of new data, these steps are continuously 

looped as shown in Fig. 14.  

All these three steps of hybrid modeling provide a better 

understanding of data and thus provide an improved model 
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that overcomes the drawbacks of either pure physics or a pure 

data-driven approach. Given that most of the models used in 

optical communication are based on well-understood physics, 

the first step provides high confidence to use. Using the 

interpretable data-driven approach in the second stage to cope 

with interpretable residual (which mostly accounted for the 

perturbation of the model used in the first stage) again 

provides high confidence to use. Therefore, hybrid analysis 

and modeling provide a good measurement-based physical 

layer model which is the basis of digital twins.  

IV. BRIEF OVERVIEW OF DIGITAL TWINS 

A. Definitions of Digital Twins 

Though the concept of ‘digital twin’ has been used for 

nearly the last few decades, it continues to evolve as it opens 

out to new applications and use cases. As a result, a variety of 

definitions are available in the literature. Some of the key 

definitions are provided here. 

Digital twins were imagined as ‘mirror worlds’ by David 

Gelernter in 1991 who defined it in his book as [98]:  

“They are software models of some chunk of reality, some 

piece of the real world going on outside your window. Oceans 

of information pour endlessly into the model; so much 

information that the model can mimic the reality's every move, 

moment-by-moment”. 

Michael Grieves, widely recognized as the father of digital 

twins, who initially terms it as mirror spaced model (MSM), 

described it as [14]:  

 “consists of three elements: real space, virtual space(s), 

and a linking mechanism, referred to as data, and 

information/process connection real space and virtual 

space(s)”. 

The term ‘digital twin’ was coined by John Vickers of the 

National Aeronautics and Space Administration (NASA). 

NASA is one of the pioneers in developing and using it, and 

defined it as [99]:  

“A digital twin is an integrated multi-physics, multi-scale, 

probabilistic simulation of a vehicle or system that uses the 

best available physical models, sensor updates, fleet history, 

etc., to mirror the life of its flying twin”. 

Finally, a modern definition of digital twins referred from 

IBM is as follows [100]: 

A digital twin is a virtual representation of an object or 

system that spans its lifecycle, is updated from real-time data, 

and uses simulation, machine learning and reasoning to help 

decision-making”. 

Several similar concepts are sometimes wrongly identified 

as digital twins [101]. Some examples are as follows: 

Simulation: 

Simulation is built from a physical counterpart with optional 

one-time data exchange from the physical system.  

 

Digital Model: 

All the data flow is done manually. Any change in the state 

of the physical or digital object has no direct reflection. 

Digital Shadow: 

Automatic data flows from the physical to the digital object. 

A change in the physical object can interfere with the digital, 

but the opposite does not occur. 

On the other hand, in the case of digital twins, a fully 

automated data flow occurs between two objects. The changes 

in any object, physical or digital, directly lead to changes in 

the other. A summary of these different techniques is 

illustrated in Fig. 15.  

 

Fig. 15. Data flow characteristics between physical and digital objects for 

simulation, digital shadow, digital model and digital twin.  

B. Types of Digital Twins 

There are various types of digital twins depending on the 

different levels of abstraction. Some examples are as follows: 

Component (or part) twins:  

These relate to a single component in an entire system. An 

example of such a twin could be that of a modulator or a laser. 

Asset twins:  

These represent the twin of a subsystem where two or more 

components work together. An example is an optical 

transmitter comprised of different components such as a laser, 

modulator, bias control and so on. 

System (or unit) twins:  

These represent a higher level of abstraction than assets. A 

system twin captures how different assets work together as 

part of a broader system. This could be a lightpath within an 

optical network. 

Process twins:  

Process twins capture the digital environment of a whole 

object, providing insight into how its various components, 

assets, and units work together. In an optical communications 

environment, this could capture the routing, modulation and 

spectrum assignment, thereby capturing the whole physical 

optical network from the perspective of the IP layer. 

C. Requirements for a Digital Twin  

To understand the requirements for the digital twin for any 

optical communication systems or components, we recall the 

definition of digital twins from Grieves [14] and refer to Fig. 

16. It consists of three elements: real space, virtual space(s), 

Manual data flow Automatic data flow

Digital model

Physical Object Digital Object

Digital shadow

Physical Object Digital Object

Digital Twin

Physical Object Digital Object

Simulation

Physical Object Digital Object
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and a linking mechanism, referred to as data, and information/ 

process connection between real space and virtual space. 

 

Fig. 16. Elements of the digital twin: real system, virtual system, the 

connections of data and information that connect the real and virtual system. 

The measurement data is captured from the real system while modeling of the 

real system can be done using the data in the virtual system to generate 

information for the real system. 

The key is the linking mechanism that facilitates the 

automatic data flow from the physical object to the digital 

object and vice versa. Therefore, in practice, we need real-

time, continuous measurements to be taken of the physical 

object. Lends itself to measurements, for example, that can be 

deduced from transceivers carrying live traffic for information 

to flow from the physical object to the digital object. 

It also requires reliable measurement-informed modeling in 

the digital object and any changes there need to be reflected in 

the physical object. Note that digital objects will generate 

some variables as controllable, for example, modulation 

format, launch power, amplifier gain, etc.; others will not be 

such as fiber attenuation, dispersion, Raman gain profile of the 

fiber, etc. 

D. Benefits of Using Digital Twin  

There are several benefits of using digital twins for optical 

fiber communication systems ranging from the design and 

operational stages to forecasting. At the design stage, a digital 

twin allows testing and validation of the systems before 

deployment.  

When used operationally, it facilitates the detection of any 

anomaly in the system. Digital twins operate in parallel with 

the real systems and identify operational behavior that 

deviates from the expected. An example of this could be the 

soft-failure identification of optical networks. Also, it enables 

operational optimization by providing necessary information 

on operational variables to get the best performance. Launch 

power optimization is an example of such a benefit. 

 Ultimately, a digital twin can be used to determine the 

remaining useful life of an asset and therefore predict the 

optimal time for servicing or replacement.   

V. RECENT WORKS ON DIGITAL TWINS FOR OPTICAL FIBER 

COMMUNICATIONS  

The initial use of digital twins was back in 1970 when 

NASA used mirrored systems on earth to rescue the stricken 

Apollo 13 space mission [102]. The concept of digital twins 

was proposed in 2003, however, the progress of the field was 

slow and was limited to manufacturing and industrial 

applications [103]. The growing stage of digital twins is only 

around in the last decade with widespread application in 

various areas including healthcare, manufacturing and process 

technologies, energy, smart cities, transportation, meteorology 

and environment, education, business and so on [92, 104]. 

The research of digital twins for optical communications has 

just started in the last few years; to the best of our knowledge, 

the first paper appeared in 2020 [105]. The authors proposed 

deep reinforcement learning-based digital twins for 

programmable optical transceivers (POT) modeling and 

controlling. The proposed twin could provide control 

information for the POT such as symbol rate, modulation 

format and FEC based on the real-time monitored data from 

an optical network. A similar approach was also described in 

[106]. 

Digital twining for soft-failure prediction, localization, and 

identification for optical networks was investigated in several 

publications. In [17], a digital twin framework was proposed 

to build the intelligent equipment fault management model, 

flexible hardware configuration model (controlling for POT), 

and transmission simulation model based on deep learning.  In 

[107], a digital twin optical network (DTON) composed of 

four key elements: a data collector, data repository, service 

mapping models and digital twin entity manager was deployed 

and tested. The digital twins for soft failure detection and their 

severity estimation were investigated in [108, 109] using an 

NN-based model from constellation analysis (in the time 

domain) and an analytical model for spectrum evolution (in 

the frequency domain). An NN-based soft-failure location was 

demonstrated in [110] using principal component analysis. 

The combination of field data and synthetic data generated in 

a digital network twin was used for the training of such NN. 

Digital twins for QoT estimation and prediction of optical 

networks were demonstrated in [18]. To enhance the 

estimation performance, input parameter refinement such as 

lumped (connectors) losses and amplifier gain spectra were 

taken into consideration. For prediction improvement, instead 

of static gain spectra of EDFA, an ML-based EDFA model 

accounting for the loading dependence was utilized. A cyber-

physical system prototype including a digital twin for 

intelligent optical networks was outlined in [111] and as a use 

case, transmission performance prediction was demonstrated. 

Digital twins not only allow QoT prediction but also enable 

launch power optimization in a multi-span transmission 

system. In [112], in the digital twin model, an NN was trained 

for a power evolution prediction for a multi-span link without 

any gain-flattering filter and then the trained NN was used in 

an autoencoder-based optimizer to obtain the optimized link 

input power spectrum. A similar approach was adopted in 

[19], where the NN was trained with SNR instead of power 

spectral density. The auto-encoder provides the optimized 

SNR and corresponding launch power profile. In [113], a 

physical layer model which is updated during the optimization 

process was used as a digital twin. As a study case, dynamic 

launch power optimization while the network in operation was 

demonstrated. Another SNR-optimization-based digital twin 

was created using a network automation framework, named 

AI-Light demonstrating the capability of optical channel 

power optimization [22]. A digital twin model for a multi-

node WDM system utilizing only a single access point was 

experimentally demonstrated in [114] for prediction and 

Real Space Virtual Space(s)

data

information/process

Sensing/monitoring (e.g., 
coherent TRx based)

Measurement-informed 
modeling
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optimization of the transmit power profile of each link in the 

network. 

An open-source project, GNPy based on the GN model, was 

proposed as a network physical layer digital twin for open and 

disaggregated optical networks [115] [116]. Recently such an 

approach was experimentally tested on a network with a 

triangular topology that consists of multi-vendor open 

equipment [20]. A deep learning-based digital twin in the 

optical time domain, named OCATA was proposed in [21]. 

The lightpath of the network was realized using cascaded deep 

NN (DNN) for link and node. A digital twin of the unrepeated 

line was demonstrated using NN-based models of the remote 

optically pumped amplifier and Raman amplification [117].   

 Component-wise digital twin such coherent optical 

component (e.g. optical I/Q modulator) was investigated in 

[118]. The nonlinear response of the component was 

approximated with a complex-valued Volterra system 

identification method with a widely nonlinear phase retrieval 

from a direct-detection system. 

Recently, an optical network digital twin using an ML-based 

model of both physical network elements as well as the 

operating environment has been introduced [119]. Using the 

interaction in a virtual environment utilizing augmented reality 

(AR), indoor navigation, network card failure identification 

and localization, and interactive remote collaboration over an 

86-km optical link were demonstrated using the proposed 

digital twin.  

A summary of digital twins-related literature with potential 

applications and key methodology is presented in Table 1. 

As of the standardization effort, the Internet Engineering 

Task Force (IETF) agreed on the concept and reference 

architecture of digital twin networks as available in a 

published draft [120]. The proposed architecture consists of 

three layers: the real network, the digital twin network and an 

application layer that uses the digital twin. The IETF also 

published a draft for digital twins specific for packet and 

optical networks called performance-oriented digital twin 

(PODT) [121]. Two types of PODT are discussed. The first 

one is referred to as a network performance digital twin 

(NPDT) that produces performance estimates for a packet 

network and the other one is an optical performance digital 

twin (OPDT) that produces transmission performance 

estimates for an optical network. 

VI. OPEN CHALLENGES  

Digital twins have only just started to emerge for optical 

fiber communication systems and thus there are still many 

open research challenges. 

The most important challenge is to have measurement-based 

physical layer models that can continually update based on 

measurements and these models should be interpretable so that 

the operators have the confidence to use them. Hybrid analysis 

and modeling is promising in this respect, which is also a new 

emerging field for digital twins. Such modeling for the 

physical layer of optical networks will be a key task to solve. 

The modeling of physical layer components for open and 

disaggregated networks is particularly challenging as the 

components of the network are from multiple vendors and thus 

might have different characteristics.    

Continual updating of models needs some careful 

consideration. It is important to take the uncertainty of 

measurements into account. However, from a complex 

systems perspective, the rare extreme events might be more 

Table 1.: Summary of literatures using digital twins application in optical communication systems 

Application(s) Methodology used References 

Programmable optical transceivers Deep reinforcement learning [105], [106], [17] 

Soft-failure prediction, localization and 

identification 

Deep learning 

DTON framework 

Time- and frequency domain analysis 

Neural network 

[17] 

[107] 

[108] [109] 

[110] 

QoT estimation and prediction 
ML-based EDFA modeling 

A cyber physical system prototype 

[18] 

[111] 

Transmit power profile optimization 

Neural network and autoencoder 

ML-enhanced physical layer model 

AI-Light: a SDN framework 

Combined physics and ML based EDFA modeling 

[112], [19] 

[113] 

[22] 

[114] 

Physical layer modeling 

GNPy- using GN model 

OCATA- using deep neural network 

Neural network 

[115], [116], [20] 

[21] 

[117] 

Coherent optical components Complex-valued Volterra system identification [118] 

Network card failure identification and 

localization, and remote collaboration 
Graph neural network and augmented-reality (AR) [119] 
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critical to capture. Also, as the physical system ages with time, 

proving corresponding changes in the model is difficult.   

Another key challenge is to update multi-scale physics-based 

models for digital twins to merge component twins, asset 

twins, unit twins and process twins. 

Telemetry is another important component of digital twins. 

Coherent transceiver-based telemetry is promising as outlined 

in this paper. However, additional optical, electrical or digital 

domain telemetry might be required especially for component 

or asset-based digital twinning. An efficient way for data 

collection. storage, access, process and communication with 

low latency needs to be ensured. Data fusion may be required 

for refining measured data and relaxing the data 

communication and storage requirements. Also, the low 

availability of field data from large-scale optical networks 

makes it challenging to link academic results with real-world 

practical applications. 

Extended reality (immersive technologies like augmented 

reality (AR), virtual reality (VR) and mixed reality (MR)) can 

merge the physical and virtual world. Thus, utilizing the 

capabilities of extended reality for digital twins needs to be 

explored to allow the users to have close interaction with the 

digital representation of optical communication assets. 

VIII. CONCLUSION 

The capabilities of sensing the optical infrastructure by 

digital coherent receivers enable the generation of 

measurement data for physical layer modeling. In addition, the 

advancement of a hybrid approach of physics and data-driven 

modeling forms a solid basis for digital twins. Though there 

are still many challenges that need to be addressed, it is 

expected that, as the research progresses, digital twins will 

open a new avenue for optical network design and 

management in the near future. 
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