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Abstract—In this paper, we propose to lower the
network design margins by improving the estimation
of the signal-to-noise ratio (SNR) given by a Quality of
Transmission (QoT) estimator, for new optical
demands in a brownfield phase, based on a
mathematical model of the physics of propagation.
During the greenfield phase and the network
operation, we collect and correlate information on the
QoT input parameters, issued from the established
initial demands and available almost for free from the
networks elements: amplifiers output power and the
SNR at the coherent receiver side. Since we have some
uncertainties on these input parameters of the QoT
model, we use a machine learning algorithm to reduce
them, improving the accuracy of the SNR estimation.
With this learning process and for a European
backbone network (28 nodes, 41 links), we could
reduce the QoT inaccuracy by several dBs for new
demands whatever the amount of uncertainties of the
initial parameters.
Index Terms— Network Optimization; Optical
Networks; Machine Learning; Supervised Learning.

I. INTRODUCTION

E

fficiency and optimization of network operation become
mandatory to support the exponential increase of the
network traffic and keep network design costs within
reasonable limits. Among all possibilities to optimize
network cost, we can for example leverage finer granularity
optical transponders [2][3] or manage the spectral power to
better utilize the available margins in the network [4]. Many
other techniques also exist in the literature [5][6]. Another
way to operate a network in a more efficient way than today
is to improve the knowledge of the network by collecting
automatically network information over time and to analyze
this information with the help of big data or machine learning
techniques, leading to a more accurate network design and
thus lower margins [7]-[10].
The design of optical networks always relies on a software
tool to predict the signal-to-noise ratio (SNR) for all traffic
Manuscript received July 7, 2017. This paper is invited and
extended version of [1].
E. Seve is with Nokia Bell Labs, Nozay, France; e-mail:
emmanuel.seve@nokia-bell-labs.com.

demands (i.e., Quality of Transmission, or QoT) to ensure
that the quality of a signal carried on a light path is above a
predefined threshold. Any QoT model typically is based on a
physical model with input parameters describing network
elements. To ensure that all traffic demands in an optical
network fulfill their target capacities, network designers add
significant (up to several dBs) pre-defined “design margins”
to the values predicted by the QoT model or tool [5][6]. A
significant amount of margins – design margins – are added
to compensate for prediction errors of the QoT model,
resulting in network over-dimensioning. Design margins
compensate for errors both from the QoT model itself and
from the uncertainties of the QoT model input parameters.
The latter comes from the incomplete knowledge of the actual
parameters of deployed network elements. By measuring
some of the most sensitive optical layer parameters, it is
possible to improve that knowledge and thereby save
unnecessary margins.
Correlating information collected from a set of already
established demands to estimate the QoT of new demands
has been investigated with various methods. An approach
based on machine learning techniques has been developed
in [11]-[12]. In [11], the learning process is fed by a set of
features of the network (i.e., number of links, total length,
longest link length, traffic volume and modulation format)
and the output is a binary variable indicating whether the
bit-error-rate is lower than the system threshold. In [12], the
learning process is fed by the signal power, the number of
spans, the baud rate and the channel spacing. A mapping
function relating the demand feasibility [11] or the bit-errorrate [12] and all the network parameters is learned and can
be used to classify or predict the performance of any new
demand, knowing all the features values. The approach used
in [11] is based on a Random Forest classifier method, while
in [12], a method based on a Gaussian Process regression was
considered. None of these two studies use any predefined
model of the propagation physics; the model itself is learned
from measurements with initial demands and during the
network operation.
QoT estimators based on models of propagation physics
have been developed and validated for many years [13]-[19].
and it is wise to use also the information available in these
models. All recent models assume that nonlinear distortions
J. Pesic, C. Delezoide, S. Bigo and Y. Pointurier are with Nokia
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can be approximated by additive Gaussian noise. The
inverses of the SNR evaluated in all spans can be added to
give the inverse of the total SNR for any light path in
dispersion unmanaged fiber networks [13]-[19]
However, there is always a discrepancy between the QoT
estimation given by these models and the actual values. So,
we can learn from the measurements to refine the QoT
estimation. There are two options to reduce this discrepancy.
The first one is to learn the values of the SNR for all links
of the network by correlating the measured SNR collected
from a set of already established demands. We can then
predict the QoT of new demands with a reduced inaccuracy.
This method has been considered for a full spectrum
occupation
using
network
kriging
or
norm
l2
minimization [20]. Then, the network kriging technique used
in [20] has been updated to deal with a realistic wavelength
allocation with nonlinear interactions between demands,
accounting for the actual interference of the light paths, and
thus yielding more accurate QoT estimates [21]. Moreover,
the degradation that the new light path causes to existing
ones can be considered. It is in this context that the first
experimental demonstration of a learning process was
implemented in [22]-[23] with a 6-nodes network and open
ROADMs that constantly monitor the performance of
established demands. The accuracy of the SNR estimation for
new light paths has been improved by learning the SNR of
each links composing them.
The method we propose here also stems from
considerations on the physics of propagation, but it is
different from [20]-[23] in the sense that we do not reduce the
uncertainty of the SNR estimation but that of the input
parameters of a QoT model by leveraging SNR
measurements from coherent receivers terminating
previously established light paths.The paper is organized as
follows: in Section III, we describe the general learning
process used to reduce uncertainties on the input parameters
of any QoT model. In Section III, we discuss the two models
we have used to estimate the QoT of optical demands – each
having its own limitations and advantages. In Section IV, we
present the setup of our simulations and all assumptions for
the numerical study. Finally, in Section V we describe all
results obtained on the improvement of the QoT estimation.

II. LEARNING PROCESS
We represent in Fig. 1 the complete cycle of a network
design. For the deployment of initial demands (greenfield
planning, Fig. 1- left), we first allocate the needed resources
(links, wavelengths) using a QoT estimator based on a
mathematical model of the physics of propagation to ensure
errorless reception (after forward error correction, FEC).
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However, due to all uncertainties on the network parameters,
the actual QoT can turn out to be smaller than the value
predicted by the mathematical model (estimated QoT) and
may be poorer than the FEC limit. To avoid this situation,
operators require from system vendors that their network is
designed with a better QoT than predicted by the model, by
an amount often called design margin (m in Fig. 1) [5][6]. The
actual value of m depends on operators and on vendors and
can easily reach several dBs in Q2dB-factor units. In this
paper, we vary the value of m to cover typical cases. Today,
this value is set once and for all across the lifetime of the
network: the design margin for new demands (m’ in Fig. 1) is
then unchanged (see the red arrow in Fig. 1, m’ = m), when
new demands need to be allocated.
What we are proposing here is to add a training step
between the greenfield and brownfield planning to reduce the
uncertainty on some input parameters of the QoT model
using a machine-learning algorithm, which will be explained
in detail further. After light paths for initial demands are
established (Fig. 1 – Deployment phase), we collect all the
monitored data issued from direct field measurements. Our
machine-learning algorithm provides refined input
parameters for the QoT model with a reduced uncertainty,
leading to an improvement in the QoT prediction for all new
demands (Fig. 1 – Prediction phase). The design margin m’
may be lower than margin m used for the initial demands.
This learning process applies to dynamic networks since it
can be performed at any moment of the life of the network,
when a demand is added or removed.
The block diagram of our machine-learning algorithm
based on a gradient descent algorithm is represented in Fig.
2. Since this study is completely numerical, the first three
blocks show the emulation of the actual values of the QoT for
a real network.
First, we start by a routing and wavelength assignment
(RWA) with set of Nd initial demands (Fig. 2- 1). The RWA
process will be explained with more details in Section IV. We
emulate the actual values of the QoT parameters (Xactual) with
a random set of values (Fig. 2- 2). In this study, we suppose
that the QoT model gives the ground truth; the measured
SNR (SNRmeas) for the initial demands is then emulated from
the actual values of the QoT parameters using a QoT model
and will be called SNRactual in the rest of the article (Fig. 23).
To estimate the SNR of new demands before being
established (SNRe), we use the same QoT model as the one
used for to emulate the measured SNR of the initial demands.

Fig. 1 Illustration of the complete network design cycle. Cycle consists of three phases: deployment, training and prediction.
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We have two options for the input parameters. For the first
option, we extract the parameters from the data sheet
specifications, using the settings defined during the initial
design of the network. For the second option, we obtain the
input parameters by monitoring some specific parameters of
the network (e.g. fiber span loss, amplifier output power
output of digital signal processing). Even if values of input
parameters obtained with the second option are more
accurate, they still deviate from the actual ones, leaving some
(reduced) uncertainty when predicting system performance
for the new demands and our final goal is to reduce this
discrepancy between SNRe and SNRactual.
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that our QoT model itself is perfect and we focus on
decreasing the input parameters uncertainties. The
uncertainty of the model, which is out of the scope of this
article, will be included in a future study.

III. QOT MODELS
The machine learning process presented in this paper can
be used to reduce the uncertainties on the input parameters
of any QoT model. As an illustration, we will apply this
process to two QoT models: the Semi-Analytical Model for
Brisk Assessment (SAMBA) of performance [19] and the
extended Gaussian noise model (EGN) [24]. In the next
section, we present these two models.

A. Analysis with the SAMBA model
First, we briefly describe model [19], renamed SAMBA,
according to which the combined effect of chromatic
dispersion and Kerr nonlinearity generates a nonlinear
distortion after each of the N fiber spans leading to a
nonlinear distortion-to-signal ratio SNRNL defined by:

SNRNL  1

Fig. 2 Block diagram of the learning algorithm. X can be any input
parameter of the QoT model.

In this paper, we chose the second option and we monitor
several input parameters of the QoT model. The values of
these input parameters are named Xe; the index e means that
we estimate them by monitoring or other means. We emulate
Xe with a random set of values different from the set of actual
values Xactual. The difference between the actual (Xactual) and
estimated (Xe) values illustrates the measurement
uncertainty. They are both generated with different random
seeds and with a systematic shift between the average values
to emulate a calibration error of the measurement tools.
All this information on the actual SNR (SNRactual) and the
measured values of the input parameters of the QoT model
(Xe) are collected and feed a gradient descent algorithm
(dashed box in Fig. 2). The process starts by estimating the
SNR of all initial demands (SNRe) using the QoT model with
the monitored values Xe as input parameters (Fig. 2-4). Since
SNRe is obviously different from the actual one (SNRactual),
we build a cost function Cost = (SNRe-SNRactual)2 (Fig. 2-5).
The sum is made over all demands already established to
correlate all the available information in the network. This
cost function is minimized by iteratively modifying all the
input parameters of the QoT tool (Xe) simultaneously (Fig. 27). Once this cost function Cost converges towards a value
smaller than a predefined threshold (Fig. 2-6), the QoT tool
can be used with the new values of the input parameters X’
(Fig. 2-8) yielding reduced design margin (m’ < m) for new
traffic demands (Fig. 2-9). With information coming from the
new demand(s), the QoT prediction may be iteratively refined
through re-training as shown in Fig. 1. Finally, we assume
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where Pk is the channel average input optical power of the kth
span and k is the normalized nonlinear noise variance for
span k. In the SAMBA model, k is a function of the
cumulated dispersion at the input of the fiber span, which is
either numerically computed [19] or measured over all
meaningful system configurations [25]. For an
-span
system, noise accumulates according to a law by which the
inverse of the total nonlinear SNR (Eq. 1) is the sum of the
inverse of the nonlinear SNR from all spans. This law stems
from the assumption that that the nonlinear noise distortion
issued from any span is independent from the nonlinear
distortions from all the other spans. This law holds well over
dispersion unmanaged (DU) systems [25], which is the case
for all recent networks.
Even though the above considerations apply to fiber
systems of any inter-amplifier lengths, we further assume
that transmission systems have then the same distance L
between amplifiers to simplify equations (but without loss of
generality for the remainder of the paper). In this case, if we
consider that nonlinear noise and amplifier noise do not
interplay, we can add the nonlinear noise to the amplifier
linear noise (gauged by the optical signal-to-noise ratio
OSNR) and finally we can write the SNR of the whole light
path as follows:

1
1
1


,
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SNR NL
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OSNR
Pk
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k 1
where NFk is the noise figure of the amplifier in span k,  is the

unitary fiber loss, L is the common fiber span length and N
the number of amplifier spans across the light path. The
initial SNR (k = 1) is considered as infinite. We assume that
all are known without any uncertainty. Bref is the reference
spectral bandwidth (i.e., 12.5 GHz), h is the Planck constant
and  the mean optical frequency. For a meshed optical
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network with Nd demands, we need to solve a system of Nd
equations which can be written as:
N

j

1
NF k 
2

    kj Pk  A
SNR j k  1 
Pk 

with

(3)

j  1, ..., N d  ,

where j is the index of the demand,  k is the nonlinear
j

variance of the
span for demand j. This dependence on the
index of the demand is due to the fact that the signal arrives
at the input of the span k with a cumulated dispersion which
can be different from one demand to another since the history
of crossed fibers may be different for each demand j. We can
assume that coefficient A does not depend on the index of the
demand since it corresponds to the linear distortion
introduced by each amplifier.
kth
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feasibility predictions. The SAMBA model of assumes a
worst-case scenario of channel loading. With the EGN model,
we can estimate the SNR for any wavelength allocation.
The assumptions of the learning process are summarized in
Table 1 for the two QoT models: SAMBA and EGN.
Table 1 Assumptions of the learning process for the SAMBA and
the EGN model.

QoT
Model

Wavelength allocation

SAMBA

Cumulated dispersion
(span order)
Simple numerical
evaluation

EGN

No simple expression

Built-in dependence
on wavelength
allocation

Computation for each
wavelength allocation

B. Analysis with the EGN model
The extended Gaussian noise model (EGN) presented in
detail in [24] has the advantage to be approximated by a
closed form formula giving the nonlinear noise variance for
one span and any wavelength allocation. This model can be
expressed in the same form as in Section III.A with the semianalytical model:

SNRNL  1



N
k 1

Pk2 k .

The normalized nonlinear distortion takes the following
analytical form:
N ch
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This expression is the sum of the contributions of all channels
present in span k (including itself) on channel j. Nch is the
total number of channels. Bi is the baud rate of channel i. The
terms Ak, Bi and Bj depend on the physical characteristics of
the span k and their expressions can be found in Eq. (128)
of [24]. The expression of the linear noise distortion (i.e.,
1/OSNR) induced by the amplifiers is the same as in
Section III-A.

C. Comparison between the SAMBA and EGN model
assumptions
The main advantage of the SAMBA model over EGN is that
it accounts for the dependence of nonlinear noise with the
cumulated dispersion at the span input. This advantage can
be particularly meaningful over low dispersion fiber (e.g., less
than 5 ps/nm/km) and moderate distances (e.g., shorter than
500 km). The closed form expression of the EGN model (i.e.,
(Eq. (4)) assumes that the nonlinear distortions induced by
each span are independent and so the dependence on the
cumulated dispersion at the span input is overlooked. EGN
is then qualified as incoherent and will give the same
estimated SNR whatever the span order. A coherent version
of the EGN exist but cannot be expressed in a closed form.
However, as opposed to the early version of the SAMBA
model of [19] used as benchmark here, the EGN model can
easily capture the actual wavelength allocation plan of
optical channels to refine the accuracy of its light path

Fig. 3 The European backbone network topology consisting of N =
28 nodes, 41 dispersion uncompensated links and 258 standard
SMF fibers [26]. The number on each link corresponds to the length
between two nodes as a multiple of 100 km.

IV. SIMULATION SETUP AND ASSUMPTIONS
In this study, we consider the European backbone network
consisting of M = 28 nodes, 41 uncompensated links and
N = 258 standard single mode fiber (SMF) spans [26]. The
network topology is presented in Fig. 3. The number on each
link corresponds to the number of inter-amplifiers spans
between two nodes, expressed as multiples of 100 km. Each
demand is carried by one wavelength and the signal is
modulated at 28 Gbaud with a PDM-QPSK modulation
format, yielding 100 Gb/s net bit-rate. For this topology, the
maximal number of unidirectional demands is equal to
Mx(M-1) = 756. We emulate a uniform traffic matrix with
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only one demand between each pair of nodes and one
wavelength per demand. We use a Dijkstra algorithm to find
the shortest path and the first-fit rule for wavelength
allocation: when a new demand needs to be established, we
search the first empty wavelength slot for all links along the
light path.
In addition to the limitations inherent to each QoT model
presented in Section III, we list the assumptions which are
common to both QoT models. First, all demands are carried
transparently; optimization of regenerator position is out of
the scope of this article. We assume that all fiber span input
powers are designed to be identical at P0 over each of the
258 SMF spans in the network (but are not strictly so, due to
realistic implementation and measurement errors). This a
reasonable target design choice considering that all spans
have the same length. We assume that amplifier gain is
perfectly flat. Non-zero excursion of power levels across the
spectrum multiplex is out the scope of this paper and will be
the subject of future work.
The inaccuracy of the QoT estimation is essentially due to
the uncertainties on two input parameters of the QoT model:
the input power level at the input of each span (how much it
deviates from the target setting P0) and the noise figure (NF)
of each amplifier of the network. As explained in Section III,
we emulate the actual (and measured values of all input
parameters. The actual values {Xactual} are reported in the
second column in Table 2. The set of input powers {Pactual} has
a normal distribution N(p , p) and the set of noise figures
{NFactual} has an uniform distribution U[min,max]. The actual
values of the SNR {SNRactual} are then evaluated using Eq. (2)
for the SAMBA model or Eq. (4) for the analytical EGN
model. The estimated values are reported in the last column
of Table 2. For the estimated input powers {Pe} (emulating
measurements), we tested our learning process with different
values of p to emulate a systematic shift of the power
measurement caused by imperfect equipment calibration.
The statistical error due to the measurement itself is
determined by the value of p. The measured power can be
different from one span to another, due to amplifier gain
fluctuation and/or due to a difference of span loss. For the
noise figure, we use values coming from the amplifiers data
sheets, either {NFe} = 5, 6 or 7 dB. The training phase of the
learning process is realized with various number of demands:
Nd = 50, 100, 200, 400 or 600 and we assess the new and more
accurate QoT model (i.e., with reduced uncertainties on input
parameters) by predicting the SNR for each of the remaining
756-Nd demands, namely {SNRe}. It means that we consider
a dynamic lightpath establishment with only new demands,
the demands used for the training step are not extracted. The
analysis of the statistics of the SNR error (i.e.,
SNRe - SNRactual) are provided in Section V.
Table 2 Actual and measured values for the input power and the
amplifiers noise figure.

QoT input
parameters
Input Power

Noise Figure

Actual values

Estimated values

{Pactual}

{Pe}

N(p , p)
p = 0 dBm
p = 1 dBm

N(p , p)
p = [-2,-1,0,1,2] dBm
p = 1 dBm

{NFactual}

{NFe}

U[5, 7] dB

5, 6 or 7 dB
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V. RESULTS
A. Semi-Analytical QoT model (SAMBA)
In Fig. 4, we plot the error probability on the SNR
prediction (SNRe-SNRactual) with learning (solid line) and
without learning (dashed line) for the establishment of each
demand not in the training set (i.e., for each of 756-600 = 156
demands). We choose one configuration of seed parameters:
p = 0 dBm, NFe = 6 dB, Nd = 600. The benefit of the learning
process is very visible since the width of the SNR error
distribution almost vanishes after convergence of the
learning process: the distribution is strongly shrunk with an
average around 0 dB. To quantify more accurately the design
margins after the learning process, we plot in a subset the
error histogram obtained with learning with a 100x zoom.
The SNR error reaches ±1 dB (m =1 dB) without learning and
is reduced to ±0.013 dB (m’ = 0.013 dB) thanks to the
learning process. It is visible that the QoT model is much
more accurate for new demands thanks to the learning

Fig. 4 Probability density of the SNR prediction error with learning
(solid line) and without learning (dashed line). p = 0 dB, NFe = 6 dB
and Nd = 600. The inset is a x100 zoom on the SNR error scale for
the histogram obtained with learning. QoT model: SAMBA.
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Fig. 5 Range of the SNR prediction error (mean ± 3) for one demand among all the remaining demands as a function of the number of
demands Nd in the training set and for 5 values of systematic power shift p: -2 to +2 dB. The three error bars for each size of the training set
correspond to various estimated noise figure NFe: 5, 6 and 7 dB, respectively. Zero demand means that there is no training. QoT model:
SAMBA.

Fig. 6 Standard deviation as a function of the number of demands Nd in the training set and for 5 values of systematic power shift p: -2 to
+2 dB. The red dashed-, blue solid- and green dot-dashed- corresponds to an estimated noise figure NFe of 5, 6 and 7 dB, respectively. The
points are the values of the standard deviation obtained after the learning process and the lines are the corresponding exponential fitting
curves QoT model: SAMBA.

process, suppressing almost all the input parameters
uncertainties.
In Fig. 5, we further show all tested configurations of {Pe}
and {NFe}. Each sub-figure corresponds to one value of
systematic power shift p. The vertical bar represents the 3spread of the SNR error prediction for one demand among all
the remaining demands. The x-axis represents the varying
number of demands in the training set (i.e., today with
already established demands) from 0 to 600. Zero demand
means that there is no training. For each number of
demands, we show a group of three vertical bars, one for each
NFe value. Without the learning process, the SNR error
varies between +3.7 dB and -1.8 dB (i.e., m = 1.8 dB). These
values of the design margins, which are larger than the one
reported in [6], are the result of a larger amount of
uncertainties on the QoT tool input parameters. We chose
these extreme values to validate our learning process for
cases where an operator has a large lack of knowledge in its
network. Thanks to learning, the SNR error spread decreases
progressively with the number of demands and finally
reduces to ± 0.1 dB with 600 demands in the training set (i.e.
m’ = 0.1 dB). This evolution of the SNR error is almost
identical whatever the initial error on the measured powers
and the estimated noise figure (NFe). For all tested

configurations, the average SNR error converges to almost
0 dB. Moreover, a learning process trained with only 200
demands provides a SNR prediction with ±0.3 dB accuracy.
After showing that the range of the SNR error is reduced
and shifted around 0 dB when increasing the size of the
learning process, we show in Fig. 6 the evolution of the
standard deviation with the number of demands. Each subfigure corresponds to one value of systematic power shift p.
The x-axis represents the varying number of demands in the
training set. For each number of demands, we have three
curves, one for each NFe value: red dashed line (NFe = 5 dB),
blue solid line (NFe = 6 dB) and green dot-dashed line
(NFe = 7 dB). The points are the values of the standard
deviation obtained after the learning process and the lines
are the corresponding exponential fitting curves. We can
distinguish two parts in the evolution of the standard
deviation Until 50 demands, the average value of the SNR
error is always reduced but not necessarily the standard
deviation. This increase of the standard deviation occurs only
for values of estimated parameters leading to the largest
under- or over- estimation of the SNR without learning
process (see Fig. 5). Above 50 demands, the average value of
the SNR error almost vanishes for all values of estimated
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Obviously, the average number of wavelengths per link
increases with the number of demands: 3.9 (Nd = 50),
6.6 (Nd = 100), 13 (Nd = 200), 25 (Nd = 400), 35 (Nd = 600)1. In
Fig. 8, we represent the evolution of the SNR error range with
the number of demands in the same way as in Fig. 5 when
there is no systematic error on the power measurement
(p = 0 dBm). The vertical bars represent the 3-spread of
the SNR error prediction for one demand among all the
remaining demands. The x-axis represents the varying
number of demands in the training set. Zero demand means
that there is no training. For each number of demands, we
have a group of three vertical bars, one for each NFe value.
The inset is a zoom for the three largest numbers of demands
(200, 400 and 600). The main difference comparing to the
results obtained with the SAMBA model is that we need to
re-calculate the wavelength allocation for each link when we
add a new demand. The wavelengths assigned for the initial
demands are unchanged but the number of neighboring
channels increase and therefore the normalized nonlinear
variance  k (Eq. 4) needs to be also re-evaluated for each
j

Fig. 5 Wavelength allocation for each of the 41 links of the network
and for different numbers of demands: 50 (a), 100 (b), 200 (c), 400
(d) and 600 (e). Each black squared indicates the wavelength
position on the 50GHz ITU-grid.

parameters and the standard deviation  of the SNR error
decreases exponentially.
B. Analytical EGN QoT model
As mentioned in Section IV, we used the Dijkstra algorithm
with a first-fit allocation rule and Fig. 7 represents the
wavelength allocation for all 41 (bidirectional) links of the
network and for different numbers of demands Nd: 50 (a), Fig.
7indicates the wavelength position on the 50 GHz ITU-grid.

link k and each demand j (both the initial and new demands).
Without the learning process, the error varies from -1.5 dB
(for an under-estimation of the estimated noise figure, NFe =
5 dB) to +2 dB (for an under-estimation of the noise figure,
NFe = 7 dB): m = 1.5 dB. When we include the learning
process, the range of the SNR error decreases progressively
with the number of demands. With the help of the zoom
shown in the sub-figure, we see that it is reduced to less than
±0.02 dB with 600 demands in the training set, i.e.,
m’ = 0.02 dB. As in Fig. 5, we have also considered different
values of the systematic error p and we have grouped these
results in Fig. 8. Each inset corresponds to one value of
systematic power shiftp (from -2 dB to +2 dB). Without the
learning process, the SNR error varies between +3.1 dB and
-4.2 dB (i.e. m = 4.2 dB).
Thanks to the learning process, the SNR error spread
decreases progressively with the number of demands and
finally reduces to ±0.02 dB with 600 demands in the training

Fig. 6 Range of the SNR prediction error (mean ± 3) for one demand among all the remaining demands as a function of the number of
demands Nd in the training set and for 5 values of systematic power shift p: -2 to +2 dB. The three error bars for each size of the training set
correspond to various estimated noise figure NFe: 5, 6 and 7 dB, respectively. Zero demand means that there is no training. QoT model: EGN.

With the previous model, the number of demands was
constant (9 channels) for all the demands and whatever the
number of demands
1
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set (i.e., m’ = 0.02 dB). Here again, as with the SAMBA
model, our method drastically reduces the error when
predicting performance with the EGN model.
As seen above in Fig. 5, this evolution of the SNR error is
almost identical for all sets {measured powers, estimated
noise figure (NFe)}: the average SNR error converges to
almost 0 dB. Again, a learning process trained with
200 demands leads to a QoT tool with ±0.07 dB accuracy,
which corresponds to one third of the total number of possible
demands. In Section A, we obtained accuracy of 0.3 dB for
200 demands, showing again that a more precise QoT model
does not imply a decrease of the prediction accuracy or new
demands. Our method to decrease the design margin can be
then applied with any QoT model.

VI. CONCLUSION
By feeding a learning process based on a gradient descent
algorithm with a set measured/monitored data (SNR, power
levels, noise figures), we have shown that it is possible to
drive design margins down. In the brownfield scenario of a
European backbone network, whatever the amount of
uncertainties of the power levels and noise figures of the
amplifiers, we computed a reduction of QoT prediction error
from 1.8 dB to 0.1 dB with the SAMBA model and from
4.2 dB to 0.02 dB with the EGN model. Expanding the
method could help further reduce overprovisioning and thus
cost of equipment in optical networks.
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