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Abstract

Accurately modeling optical signal transmission is critical for
optimizing network performance, particularly in large-scale
fiber optic networks operated by Internet Service Providers.
In this work, we develop a Gaussian Noise model for a New
York state ISP’s optical backbone. Our model accounts for all
major network components, including amplifiers, fiber spans,
reconfigurable optical add-drop multiplexers, and transceivers.
By accurately predicting end-to-end signal-to-noise ratio, our
model provides a foundation for network performance analysis
and optimization. Then, we leverage hyperparameter search
techniques—commonly used in machine learning—to identify
amplifier gain settings that improve signal quality. By treating
the model as an opaque box, we systematically search for
amplifier configurations that maximize the predicted end-to-
end SNR while maintaining practical network constraints. We
validate our approach through a field deployment by applying
optimized amplifier gain settings in a live ISP network. Our
results show a significant improvement in optical signal quality,
achieving a 2 dB increase in SNR on a single wavelength '.

1 Introduction

Modern long-haul connectivity is made possible by optical
networks that modulate data on to wavelengths of light [8].
These networks consist of a series of optical components,
including transceivers, amplifiers, and switches, that work
together to transmit data over long distances using optical
wavelengths. The end-to-end quality of these optical signals
determines the efficiency and capacity of the optical network.
For example, the achievable data rate of a given wavelength
— whether 200 or 400 Gbps — is fundamentally determined
by the signal quality of the wavelength. In fact, recent work
has proposed dynamically improving the data rate of optical
wavelengths based on measurements of optical signal quality
in fiber, highlighting the importance of achieving optimal
signal quality on fiber networks [34].
Complexity of achieving high signal quality operationally.
As aresult, optical network operators spend significant effort to
develop networks that maximize the quality of signal transmis-
sion. This involves monitoring signals, debugging equipment
configuration and rolling out human crews to fix malfunction-
ing equipment in a timely manner. However, much of these ef-
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Figure 1: Map of optical paths in the NYSERnet network that we
model in this work.

forts are manual and ad-hoc. For example, operators often have
to rely on their experience to determine the best configuration
of amplifiers in a network. This is a difficult task since making
changes in one part of the optical path has implications for the
entire system, and the effects of these changes are often difficult
to predict. Similarly, adding new data-carrying wavelengths to
augment network capacity is considered a risky operation that
can lead to potential outages [20, 38]. Operators manage this
uncertainty by using long maintenance time windows to make
incremental changes, which can be costly and inefficient.
System-level modeling of networks. In recent work, opera-
tors have modeled datacenter networks as an end-to-end system
to manage operational complexity [21]. Network models
abstract intricate details of individual components to approx-
imate the system behavior. Such models can enable operators
to anticipate system-wide implications of local configuration
changes, providing visibility into network behavior that is
otherwise challenging to reason about manually. By system-
atically evaluating what-if scenarios on the model, operators
can proactively optimize network configurations, efficiently
allocate capacity, and troubleshoot performance issues.
Accurately modeling optical networks. Inspired by mod-
eling efforts in other network types, we develop an analytical
model of optical paths in a production-scale optical network
operated by a New York state ISP, NYSERnet (§2). Our model
uses Gaussian Noise (GN) modeling which has shown promise
in accurately predicting the end-to-end signal quality of optical
networks in laboratory settings [12]. A GN model simplifies



complex physical phenomena — like amplifier-induced noise
on optical fiber — by representing the collective impact of
these phenomenon as additive Gaussian-distributed noise.
However, creating accurate GN models is challenging since it
requires detailed knowledge of the network layout, the optical
equipment used, and their configurations. Many of these im-
portant details are proprietary, making it challenging to build
models that accurately reflect real-world network behavior.
Model of production New York ISP. In this paper, we tackle
this challenge by developing a high-fidelity GN model of
NYSERnet. We gather comprehensive network topology
information, operational parameters of optical equipment, and
real-world signal quality measurements. To overcome gaps
due to missing proprietary information, we approximate equip-
ment using information in openly available vendor datasheets
(§3). Finally, we collect end-to-end signal quality measure-
ments from the live network to compare the model’s predicted
signal quality against measured values and show that the model
can accurately predict the end-to-end signal quality (§5).
Field deployment of the model. Using the model as an
opaque box, we then apply machine learning-inspired hyper-
parameter search techniques to optimize the configuration
of amplifiers in the network. By systematically exploring the
parameter space, we identify configurations that maximize
the predicted end-to-end signal-to-noise ratio (SNR) while
adhering to practical constraints (§4). We deployed the
optimized amplifier configuration in the production network
and show that it leads to a measured signal quality increase
of approximately 2 dB on targeted wavelengths.

Artifact release. We are releasing the GN model we have
developed and our comprehensive dataset — including
network topology, equipment configuration and measured
signal quality — to the research community. Code and data are
available at https://github.com/artifact-release/
optical-model. By sharing these resources, we aim to
support further research in the management and optimization
of optical networked systems, ultimately improving reliability
and efficiency across large-scale infrastructures.

2 Composition of an optical backbone network
In this section, we describe hardware components of an
optical backbone network. The behavior of these hardware
components is managed by software configuration pro-
grammed by network operators. We will discuss important
software settings that impact the end-to-end quality of signal
transmision in optical wide-area networks.
Optical wavelengths. Network links between routers in a
wide-area network are underpinned by one or more optical
paths. Specifically, router ports transmit data bits through
optical transceivers which modulate these bits on a wave-
lengths of light. These wavelengths travel on the underlying
optical path until they reach another router port where they
are demodulated and converted back to electrical signals.
Optical paths. An optical path is a series of interconnected
segments, each with its own set of hardware components
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Figure 2: Logical diagram of optical paths in NYSERnet.

including (1) optical amplifiers, (2) fiber spans, and (3)
reconfigurable add/drop multiplexers (ROADMs). A segment
terminates at a ROADMs on each end. The performance of an
optical path is influenced by factors like the type of fiber used,
the configuration of the amplifiers, and the loss introduced by
optical components like ROADMs.

Wavelength-division multiplexing. Optical backbone
networks rely on wavelength-division multiplexing (WDM),
a technique that enables multiple optical signals to be
transmitted simultaneously over a single fiber by assigning
each signal a unique wavelength (or channel) of light. This
approach increases fiber capacity without requiring additional
physical infrastructure. In long-haul networks, the C-band
(1530 nm to 1565 nm) is commonly used because it offers
low propagation loss in optical fibers [32]. The C-band is
subdivided into tightly spaced channels, typically 50 GHz
apart, allowing tens of distinct data-carrying channels to
be multiplexed onto a single fiber. Each wavelength carries
its own independent stream of data, and all wavelengths
propagate together along the same optical path.

New York State ISP. We model operational optical paths in
the optical backbone of a New York state-wide educational and
research network called NYSERnet. NYSERnet is a non-profit
organization that provides high-speed internet access to ed-
ucational institutions in New York State. NYSERnet operates
a state-wide optical backbone that is composed of multiple
optical paths that provide high-speed connectivity between
different regions of the state. Figure | shows the physical
location of the optical paths in NYSERnet that we model in this
work. Specifically, we model optical paths between New York
City (NYC) and Syracuse, routed through Albany. These paths
have two optical segments — NYC to Albany and Albany to
Syracuse — each with its own hardware components.

2.1 Optical hardware components

Figure 2 shows the logical diagram of the optical network
connecting different components and Figure 3 shows the
physical diagram of the optical network in significant
detail. We detail the role and configuration of all hardware
components in the NYSERnet segments and describe how
they impact overall signal quality and system performance.

2.1.1 ROADMs

Reconfigurable Optical Add-Drop Multiplexers (ROADMs)
are wavelength-selective optical switches that route optical
signals in fiber networks. ROADMs interface with WAN
routers using optical transceivers plugged into router ports.
Routers transmit data by converting electrical signals to optical
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Figure 3: Optical network topology. The network consists of two segments: Syracuse to Albany and Albany to NYC. Each segment is connected
by ROADMs, amplifiers, and fiber spans. Fiber attenuation is shown in the blue boxes along each fiber span, and were measured at the time of fiber
installation using an optical time-domain reflectometer (OTDR). The jumpers are shown in gray boxes positioned after some Raman amplifiers,
and are fixed optical attenuators used to adjust the amplifier gain since the model of Raman ampifier NYSERnet used does not contain a variable
optical attenuator (VOA). Fiber distance is shown in the purple text below each fiber span and was provided to us by the network operator.

form via transceivers, and the resulting optical signals are
then added to the optical network by ROADMs. Conversely,
a wavelength is dropped at a ROADM node by passing the
optical signal to a transceiver, converting it to an electrical
signal that is processed by the router. Additionally, ROADMs
can pass optical signals without modification, allowing them
to traverse the network without being added or dropped. Thus,
at each network node, ROADMs selectively insert (add),
extract (drop), or transparently pass optical signals.

ROADMs introduce between 4 dB and 9.5 dB of signal
attenuation known as insertion loss [25], causing a reduction
in the optical signal’s power level. To compensate for these
insertion losses — which weaken optical signals and reduce
transmission distances — ROADMs are paired with optical
amplifiers such as erbium-doped fiber amplifiers (EDFAs)
or Raman amplifiers placed immediately downstream. These
amplifiers restore the optical signals to adequate power levels,
enabling reliable long-haul fiber transmission.

In our Gaussian Noise model of the NYSERnet network
(§3), we represent ROADM s as multiplexers and demultiplex-
ers of optical wavelengths to capture their wavelength routing
behavior. We explicitly capture the insertion loss of ROADMs
across different wavelengths of light. Accurately modeling
these parameters is critical for predicting and optimizing
end-to-end network performance.

2.1.2 Optical amplifiers

Optical backbone networks transmit light signals over hun-
dreds to thousands of kilometers of fiber. While propagating
along these paths, the signal degrades due to attenuation from
scattering and absorption. To maintain signal quality over long
distances despite this attenuation, networks deploy optical
amplifiers, which boost signal power directly in the optical
domain without optical-to-electrical conversion. Amplifica-
tion works by using a gain medium that, when pumped with
external laser energy, stimulates the emission of additional
photons to amplify the input wavelengths. Amplifiers are
essential to overcoming loss from fiber spans, ROADMs efc.

Amplification modes. Optical amplifiers operate primarily
in two modes: constant gain and constant output power mode.
In constant gain mode, the amplifier provides a fixed amount
of amplification regardless of input power of optical signals.
Therefore, the amplifier measures the aggregate input and
output optical powers across all signals, subtracts them to
calculate the instantaneous gain (AP, = P,,; — Pj), and then
adjusts internal settings so that this gain stays fixed to the
configured value. In constant output power mode, an amplifier
measures the aggregate output power of all channels and
adjusts internal settings so that the aggregate output power
(P,y) stays at the configured value. Therefore, in constant
power mode the amplifier keeps the absolute output power
constant, adjusting gain as the input power changes.
Constant gain vs. constant power. Therefore, network
operators can configure the amplifier to operate in either
mode but the choice of mode affects the overall performance
of the optical path and the quality of transmitted signals.
Specifically, in constant gain mode every active wavelength
is amplified by roughly the same dB. As a result, across all
wavelengths on fiber, any wavelength leaves with the same
relative power it had before getting amplified. This ensures
that the optical power of each wavelength in the network is
within a narrow range of every other wavelength, provided this
property held before they are input to the amplifier. However,
this also means the total power coming out of an amplifier rises
and falls whenever channels are added or dropped on fiber,
forcing downstream gear to absorb those changes. In contrast,
amplifiers in constant power hold the total output power fixed.
If fewer channels are present, the gain per channel becomes
higher since the power is held constant. Thus, constant power
mode lets the gain per channel drift.

Amplifier types. Given the pros and cons of the two
amplification modes and the capability of optical equipment
deployed in the network, NYSERnet uses amplifiers in
constant gain mode. Optical long-haul networks deploy
amplifiers of a few different types. The most common types
in practice are Erbium-Doped Fiber Amplifiers (EDFAs) and



Raman amplifiers. NYSERnet uses both EDFAs and Raman later optimize their settings to improve the performance of
amplifiers along optical paths (Figure 3). We describe how optical paths in NYSERnet (§3):
they work and their role in the network:

¢ Erbium-doped fiber amplifiers (EDFAs): An EDFA
uses a short length of fiber that has been doped with
erbium ions. When this fiber is pumped with light,
the excited erbium ions transfer energy to passing
C-band signals, boosting their power. Since light in
the C-band suffers lowest attenuation in fiber, EDFAs
have become the workhorse amplifiers for long-haul
networks. NYSERnet deploys two EDFA variants, tuned
for different fiber span lengths. High-gain EDFAs sit on
the long, high-loss spans where a large boost per channel
is essential. Low-gain EDFAs are used on short spans
where only modest amplification is needed.

Raman amplifiers: A Raman amplifier boosts optical
signals by using the transmission fiber itself as the gain
medium. Instead of relying on a separate doped fiber
(like an EDFA), a pump laser injects light at a wavelength
longer than the signal. As this pump light travels through
the fiber, it interacts with the fiber molecules and transfers
energy from the pump light to the signal, amplifying the
signal as it propagates along the fiber. Raman amplifiers
provide high gain values while adding lesser noise to
optical signals compared to EDFAs. However, Raman
amplification requires careful tuning of pump power and
wavelength, making it more operationally challenging
and sensitive to fiber conditions [2, 5].

NYSERnet operates Raman amplifiers at their maximum
safe gain to take advantage of their lower noise compared
to EDFAs. However, maximizing Raman amplifier
gain can result in excessively high optical power levels
entering the subsequent EDFA, potentially causing signal
distortion (see the cascaded amplifiers shown in Figure 3).
To manage these power levels precisely, we insert fixed
optical attenuators — commonly known as jumpers —
between the Raman amplifier and the following EDFA.
These jumpers allow us to finely adjust the cumulative
amplification. For instance, if a fiber span requires a
total gain of 22 dB, and the Raman amplifier provides
15 dB while the downstream EDFA has a minimum
gain setting of 11 dB, inserting a 4 dB jumper ensures
the overall amplification precisely matches the span
requirements without introducing distortion. In practice,
we use jumpers as a way to captures both unintentional
losses introduced during deployment—such as those due
to imperfect splicing—and intentional losses introduced
to ensure compatibility with amplifier gain requirements.

* Gain: Amplifier gain quantifies the increase in signal
power, defined as the ratio of output to input power and
typically expressed in decibels (dB):

P,
Gain (dB)lo.logl()( ];’“‘) 1)

mn

Gain is controlled by adjusting the power of the
laser pump inside the amplifier. For the NYSERnet
deployment, we tune gain values between 6 dB and 26.5
dB, depending on fiber loss and system requirements.
Improper gain settings can degrade signal quality: exces-
sive gain introduces noise and nonlinear impairments,
reducing signal quality, while insufficient gain results
in weak signals and increased bit-error rates. Therefore,
operators carefully balance the two effects to find the
optimal gain setting for each amplifier in the network.

* Tilt: Tilt is the configured variation in amplifier gain
across different optical wavelengths, typically expressed
in decibels (dB). It measures the difference in amplifica-
tion between the lowest and highest wavelength channels
and is crucial for ensuring consistent gain across the entire
optical spectrum. In NYSERnet, we typically configure
tilt values ranging from -1.5 dB to O dB. A negative
tilt indicates that lower-wavelength channels receive
higher amplification compared to higher-wavelength
channels. For instance, a tilt of -1.5 dB means that the
gain at the lowest wavelength channel is 1.5 dB higher
than at the highest wavelength channel. This negative tilt
compensates for the gain characteristics of EDFAs, which
amplify certain wavelength regions more than others.

Integrated variable optical attenuator (VOA): A VOA
controls the amplifier’s output power by attenuating
the amplified signal to manage the signal power levels.
In NYSERnet, we use fixed VOAs with attenuation
values ranging from 0 dB to 9 dB. VOAs ensure that
the output power is within the acceptable range for
downstream components. The attenuation applied by a
VOA is adjusted based on the specific requirements of
the network and the characteristics of the optical signal.

2.1.3 Optical fiber

Optical fibers are the physical medium through which optical
signals propagate in fiber-optic networks. Their performance is
characterized by three key parameters: attenuation, dispersion,
and effective area.

Attenuation refers to the gradual loss of signal power as the
optical signal travels along the fiber, measured in decibels per

Operators conﬁgure Various parameters Of Opt]cal amphﬁers k]lometer (dB/km). F]ber attenuathl‘l derCtly llmlts the tl‘anS—
to ensure that the optical signals are amplified to appropriate mission distance by weakening signals over long spans. We
levels in the network. We first describe these parameters and calculate the fiber attenuation using the following relationship:



where o represents the fiber’s loss
coefficient in dB/km, and L denotes the
fiber length in kilometers.

Dispersion is the phenomenon by
which optical pulses spread out as they travel through the fiber.
This spreading limits the maximum achievable transmission
distance and data rate.

Effective area describes the cross-sectional area within the
fiber through which the optical signal propagates. The effective
area influences nonlinear optical effects that can degrade signal
quality, particularly at high power levels. Larger effective areas
can reduce these nonlinear impairments, improving overall
system performance.

In NYSERnet, we use Corning E-LEAF fiber [17], a fiber
type known for its optimized balance of attenuation, dispersion,
and effective area. Throughout this paper, we report fiber atten-
uation values for each span based on measurements obtained
using an industry-standard instrument for signal loss charac-
terization: the optical time-domain reflectometer (OTDR).

Loss (dB)=a-L
2

2.1.4 Optical transceivers

Optical transceivers convert electrical signals from routers
to optical signals and vice versa. They transmit and receive
data over optical fibers. Optical transceivers are character-
ized by their data rate, wavelength, and modulation format. In
NYSERnet, we use 200 Gbps transceivers with 16-state dual-
polarization quadrature amplitude modulation (16DP-QAM)
modulation format. This modulation scheme encodes four
bits per symbol per polarization by varying both amplitude
and phase of optical signals across two orthogonal polariza-
tion states. Although 16DP-QAM allows higher data through-
put within limited spectral bandwidth [20], it requires higher
signal-to-noise ratios due to increased susceptibility to noise
and impairments [26]. As we show in §5, signal quality in
NYSERnet can support 16DP-QAM modulation format.

2.1.5 Optical service channel

Optical Service Channels (OSCs) are channels dedicated for
monitoring and managing the optical network. They are used
for out-of-band signaling and control, allowing network opera-
tors to perform maintenance and diagnostics without interfer-
ing with the main data channels. OSCs are implemented as low-
rate channels that can carry management information, alarms,
and performance monitoring data. In NYSERnet, OSCs have a
fixed loss of 1.2 dB and are used to monitor the performance of
the optical amplifiers and other network components. OSCs are
notused for data transmission but play a crucial role in ensuring
the reliability and performance of the optical network.

2.2 Optical network topology

Figure 3 illustrates optical paths in the NYSERnet, com-
prising of two primary segments: Syracuse to Albany and
Albany to New York City (NYC). The network utilizes Corn-
ing E-LEAF fiber throughout. This fiber type was chosen for

its low attenuation, making it suitable for long-haul transmis-
sions. Each network segment is composed of fiber spans, am-
plifiers, and ROADMs, collectively enabling high-capacity
optical transmission over long distances.

Intermediate amplifier sites are spaced approximately 44—88
km apart along each segment. Each site hosts four amplifiers

— two in each direction of data transmission — with combi-
nations of Raman amplifiers and EDFAs. A single amplifier
at a site is sometimes inadequate to fully compensate for the
accumulated fiber span and ROADM insertion losses. To ad-
dress this, NYSERnet deploys cascaded amplifiers at these
sites: a Raman amplifier first provides gain with minimal noise,
followed by an EDFA to amplify the residual signal power to
the required output level.

Amplifier placement also accounts for asymmetries in the
optical path. For example, in the direction receiving signals
from NYC, the optical path requires two amplifiers in series to
overcome both span loss and higher ROADM insertion losses.
Conversely, transmission towards NYC accumulates lower
losses due to the hardware differences that result in varying
loss profiles, thus requiring only one amplifier. Additionally,
some amplifier sites use Optical Service Channels in config-
urations where span losses are sufficiently low for a single
amplifier. These OSCs provide out-of-band management chan-
nels, enabling continuous monitoring of amplifier performance,
fiber conditions, and ROADM status, enhancing operational
visibility and simplifying maintenance.

3 Optical network model

Optical backbone networks are a complex combination of
various optical equipment, each of which has its own set of
configuration parameters and noise contributions (§2). Optical
equipment contributes to signal degradation by adding noise
and impairments to the signal as it traverses the fiber. Therefore,
managing these networks is a challenging task for network
operators. For instance, making changes in one part of the
optical path has implications for the entire system, and the
effects of these changes are often difficult to predict for network
operators. Similarly, adding new data-carrying wavelengths to
augment network capacity is considered a risky operation that
can lead to potential outages [20, 38]. Operators manage this
uncertainty by using long maintenance time windows to make
changes, which can be costly and inefficient.
Need for analytical models for optical networks. One way
to tackle the operational complexity of optical backbone net-
works is to develop analytical models that faithfully mimic the
network’s behavior and can be used to predict the effects of
configuration changes. These models can help network oper-
ators understand how different components interact and how
they affect the overall performance of the network. By simu-
lating various what-if scenarios, operators can make informed
decisions about network configurations changes, capacity plan-
ning, and troubleshooting. In this section, we discuss how we
model optical paths in the NYSERnet network to accurately
capture the end-to-end behavior of the network. We use the



Label Model Type Gain | Tilt | VOA
SYRa 9ROADM-RS ROADM

SYRb AMP-S20H-C15 | EDFA 15 0 2.5
SYRc EDFA-S20L EDFA 11.8 | -0.5 | 2.5
SYRd AMP-S20H-C15 | RAMAN | 11 -1

LAla AMP-S20L-C15 | RAMAN | 12 -1.5
LA1lb AMP-S20L-C15 | EDFA 8.5 0 55
LAlc AMP-S20L-C15 | EDFA 8 0 2.5
LA1d AMP-S20-C15 RAMAN | 12 -1.5
LA2a AMP-S20L-C15 | RAMAN | 12 -1

LA2b AMP-S20L-C15 | EDFA 7 0 4.5
LA2c AMP-S20L-C15 | EDFA 7 0 55
LA2d AMP-S20L-C15 | RAMAN | 12 -1

LA3a AMP-S20H-C15 | RAMAN | 15 -1

LA3b EDFA-S20L EDFA 6 0 6
LA3c AMP-S20H-C15 | EDFA 165 | 0 4.5
LA3d EDFA-S20L 0SC

ALBSa | EDFA-S20L 0SC

ALBSb | AMP-S20L-C15 | EDFA 195 | -151]0
ALBSc | EDFA-S20L EDFA 15 -1 2.5
ALBSd | 9ROADM-RS ROADM

ALBNa | 9ROADM-RS ROADM

ALBNbD | AMP-S20H-C15 | EDFA 15 0 35
ALBNc | EDFA-S20L EDFA 11,5 | -05 | 0.8
ALBNd | AMP-S20H-C15 | RAMAN | 15 -1

LA4a AMP-S20H-C15 | RAMAN | 15 -1

LA4b EDFA-S20L EDFA 12 -1 9
LA4c AMP-S20H-C15 | EDFA 14 0 35
LA4d EDFA-S20L 0SC

LASa EDFA-S20L 0OSC

LASb EDFA-S20L EDFA 145 | -05 | 35
LAS5c EDFA-S20L EDFA 115 | 05| 5
LASd EDFA-S20L EDFA 12 0 0
LA6a AMP-S20L-C15 | RAMAN | 15 -1.5
LA6b EDFA-S20L EDFA 11 -1 1
LAG6¢ AMP-S20L-C15 | EDFA 11 0 35
LA6d EDFA-S20L EDFA 16 0 0
NYCa EDFA-S20L 0SC

NYCb EDFA-S20H EDFA 265 | -1 0
NYCc EDFA-S20L EDFA 15 -15 10
NYCd 9ROADM-RS ROADM

Table 1: Network Parameters. All blank entries indicate that the pa-
rameter is not applicable. For example, the model of Raman amplifier
we used does not contain a VOA at its output. Additionally, OSCs
and ROADMs do not have gain, tilt, nor VOA parameters. The gain
and tilt values are in dB. The VOA values are in dB and indicate the
amount of attenuation applied to the signal.

model to improve network performance in §4 and evaluate our
model in §5 with the field deployment.

3.1 Gaussian noise modeling for optical networks
Recent work has proposed Gaussian noise (GN) modeling
as an analytical technique for modeling the effects of noise in
optical networks [6, 7]. The GN model simplifies the complex
interactions between different noise sources by treating them
as independent, additive Gaussian-distributed processes. This
allows for analytical predictions of the Optical Signal-to-Noise
Ratio (OSNR) of wavelengths in an optical network. The GN

model has been shown to produce reliable estimates of OSNR
across a wide range of optical network configurations [29].
Moreover, the computational simplicity makes GN modeling
particularly suitable for operational deployment.

Accurate Gaussian noise modeling. However, to effectively
use GN modeling for operational purposes, it is critical to cre-
ate an accurate representation of the optical network. Each
network component — including EDFAs, Raman amplifiers,
ROADMs, and optical fibers — has distinct noise contributions
that must be carefully parameterized in the model. By precisely
capturing and aggregating these component-specific impair-
ments across each span of the optical path, the GN model can
yield reliable, end-to-end predictions of the OSNR. Without
detailed representation of the noise characteristics of all com-
ponents, the utility of the GN model will be limited, potentially
leading to unreliable predictions of network performance and
incorrect decision-making based on them. We tackle the chal-
lenge of developing an accurate GN model for the NYSERnet
optical network.

Predicting end-to-end SNR using GN models. A GN model
predicts the end-to-end SNR of a wavelength in an optical
network by aggregating the contributions of various noise
sources across the entire path. Such a model treats each noise
source as an independent Gaussian process [13], allowing for
analytical predictions of the overall SNR. There are two main
types of noise sources in optical paths:

* Amplified spontaneous emission (ASE) noise: ASE
noise arises from the spontaneous emission of photons
within the gain medium of optical amplifiers. Both types
of amplifiers used in our network — EDFAs and Raman
amplifiers — are affected by this phenomenon. As the
optical signal traverses the network, ASE noise is not only
introduced but also amplified at every stage, resulting in
a cumulative reduction in the SNR [2].

¢ Nonlinear interference (NLI) noise: NLI noise arises
from nonlinear effects in the fiber, particularly when sig-
nals are transmitted at high launch powers. These non-
linearities occur because the refractive index of the fiber
changes slightly with the intensity of the light passing
through it [2], leading to unwanted interference and mod-
ulation of the signal. NLI becomes especially problematic
in DWDM systems, where many closely spaced channels
share the same fiber [10]. The extent of NLI depends on
several factors, including fiber dispersion, channel spac-
ing, and the number of spans in the link. Because it is
highly sensitive to both launch power and channel spac-
ing, NLIis a key limitation in the design and performance
of long-haul optical systems [11].

A GN model of the network is parameterized by the network
topology, fiber parameters, amplifier properties, and optical
channel configurations. Using these, it calculates ASE noise
introduced by amplifiers using their gain and noise figures. It



can estimate nonlinear interference noise caused by fiber non-
linearities, computed based on optical channel power and fiber
characteristics. By combining the ASE and nonlinear noise
along each fiber span and amplifier in the path, GNPy computes
the total noise power and derives the resulting channel SNR.

3.2 Modeling with GNPy

We use the open-source GN modeling tool, GNPy [14],
to simulate our optical network. GNPy allows us to flexibly
model essential physical-layer components, like amplifiers,
fiber spans, splices, ROADMs, and transceivers [13]. Each
component in our model is parameterized either from config-
uration settings used in the NYSERnet deployment or from
vendor datasheets of the deployed equipment. In the follow-
ing, we discuss the modeled components and their associated
parameters in our GN model of the NYSERnet network.

3.2.1 Modeling amplifiers

All amplifiers in our deployment operate in gain mode (§2). In
our GN model, we instantiate each amplifier shown in Figure 3
using gain parameters directly from the configured amplifier
values in the NYSERnet network (Table 1). Additionally, for
each amplifier type, we specify the supported gain range, max-
imum output power, and corresponding noise figure range,
derived from vendor datasheets. While we enable the output
VOA feature within our model, we set its attenuation to O dB
during optimization to limit the search space, as detailed in §4.
Modeling Raman amplifiers: Raman amplifiers pose a mod-
eling challenge compared to EDFAs because their key inter-
nal parameters, like pump wavelengths and power levels, are
vendor-proprietary and thus unavailable to us. To address this
limitation, we adopt a first-order approximation method sup-
ported by GNPy [14] where we model Raman amplifiers as
modified EDFAs [1, 18]. Using publicly available datasheets,
we found that the Raman amplifiers deployed in the NYSER-
net network achieve a noise figure below -1dB at maximum
gain, significantly lower than the typical EDFA noise figure
of 5.8 to 8dB. Given this information, we approximate the
Raman amplifier performance by using a generic EDFA model
configured with an NF of -1dB. This approach avoids the need
to reverse-engineer pump parameters, since amplifier gain and
tilt values were directly available (Table 1), allowing us to ap-
proximate their performance without detailed characterization
of the pump laser.

3.2.2 Modeling fiber spans

We represent each span of Corning LEAF fiber in NYSER-
net using the standard single-mode fiber (SSMF) type within
GNPy, since it is the most widely deployed fiber type in long-
haul optical networks [4]. For each fiber span, we explicitly set
the fiber component in GNPy to SSMF and use the true phys-
ical span lengths, indicated in purple text in Figure 3. Since
fiber loss can vary significantly due to aging, splices, and en-
vironmental conditions [16], we independently measure each
span’s total loss using a diagnostic instrument called the Op-

tical Time-Domain Reflectometer (OTDR) and incorporate
these measured values directly into our model. Additionally,
we rely on Corning’s E-LEAF datasheets [17] for static fiber
parameters like internal reflectance, chromatic dispersion, ef-
fective cross-sectional area, and polarization mode dispersion
(PMD). These parameters influence nonlinear and dispersion
characteristics of the fiber and specifying them in the GN model
enables accurate modeling of signal degradation for each span.

3.2.3 Modeling transceivers

Accurately modeling transceivers in an optical network re-
quires a clear understanding of both the transmit (Tx) and
receive (Rx) components, as they exhibit distinct physical be-
haviors. The Tx transceiver involves understanding the char-
acteristics of the output laser and is typically modeled using
vendor-provided OSNR values and other publicly available pa-
rameters. In contrast, the Rx transceiver requires understanding
the physical characteristics of the photodiode, which detects in-
coming light and converts it into an electrical signal. To address
these differences, we model Tx and Rx transceivers separately.
Modeling Tx transceivers: We model the Tx transceiver
using GNPy’s transceiver modeling framework. For each chan-
nel, we set the minimum and maximum frequencies to the
same value, effectively representing a fixed central frequency
for the deployed network. Key transceiver parameters are con-
figured based on datasheet specifications. These include the
channel slot width (which defines the spectral allocation in
the WDM system), baud rate (symbol transmission rate), roll-
off factor (used for spectral shaping), and transmitter OSNR.
To simulate idealized conditions, we set APDB—which con-
trols inter-channel power deviation—to zero, ensuring uniform
launch power across all channels. These transceiver-level pa-
rameters are critical for accurate per-channel SNR estimation
and serve as the input for calculating impairments such as
nonlinear interference and ASE accumulation along the path.
Modeling Rx transceivers: Similar to the Tx transceiver,
we model the receive-side transceiver using GNPy’s built-in
transceiver framework. However, accurately capturing Rx be-
havior requires understanding how noise and signal quality
vary with input optical power. Prior work [22] has shown that
the electrical SNR at the receiver is highly sensitive to received
optical power levels. Unlike the Tx side—where vendors typ-
ically specify OSNR—detailed noise sensitivity metrics for
the Rx side are rarely disclosed due to their proprietary na-
ture. This lack of transparency complicates precise modeling
and necessitates empirical adjustments. To address this, we
introduce a power corrected value that aligns GNPy’s OSNR
estimates with the OSNR observed in practice. We describe the
methodology for deriving the power corrected value in §3.3.

3.2.4 Modeling other components

Modeling ROADMs: We model ROADMs as passive com-
ponents in GNPy, which means they do not introduce any addi-
tional gain to the signal. We retain GNPy’s default ROADM



configuration, as it sufficiently represents the behavior of the
ROADMs deployed in our network. Specifically, we main-
tained the default wavelength add/drop OSNR of 38 dB, which
indicates that a majority of the signal (almost 99 percent) passes
through and is not filtered out. This was because the datasheet
for the deployed ROADMs did not provide specific OSNR
penalty values, and from literature [30] the OSNR add/drop
penalty is almost O for between O to 3 filters. Since there is 1
filter at each ROADM in our network, and there are 3 ROADMs
total, then we estimate that there are only 3 filters total along the
path, and the total OSNR drop penalty should be approximately
0. Therefore, the default value in GNPy of 38 dB seems to be a
reasonable approximation for typical ROADM performance.

Modeling optical service channel (OSC): We model the
Optical Service Channel (OSC) as a static insertion loss applied
at the end of the fiber span it traverses. Unlike losses introduced
at the beginning of a span, losses at the end do not contribute
additional nonlinearities. This makes modeling the OSC as an
end-of-span insertion loss well-suited for capturing the static
attenuation it experiences.

Modeling optical jumpers: We model optical jumpers as
a GNPy "fused" component. Specifically, GNPy handles the
fused component loss as a static parameter, which means that its
attenuation is independent of signal frequency and amplitude.
As aresult, the attenuation factor is constant across all channels
and does not vary with the input power levels. This accurately
models the optical jumpers used in our network, which are
designed to have a fixed loss characteristic.

3.2.5 Modeling end-to-end optical routes

GNPy lacks native support for simulating an end-to-end optical
route, involving wavelength add/drop at intermediate nodes.
Due to this, we separately modeled individual optical segments
of the route. To obtain the end-to-end SNR (SNRg»g), we im-
plement a post-processing script to consolidate segment-wise
SNR using inverse summation, where SNl%E2E =) SNRslcgmcm .

The optical network carries five wavelengths across its spans,
but NYSERnet logs performance metrics only for three of them:
193.35 THz, 193.5 THz, and 193.75 THz. This logging limi-
tation is inherent to the deployed monitoring system. Among
these, the 193.35 THz channel is a point-to-point connection
that originates in Albany and terminates in NYC. In contrast,
the 193.5 THz and 193.75 THz channels originate in Syracuse,
pass through Albany without optical-electrical-optical (O-E-
O) conversion, and terminate in NYC. These are referred to
as pass-through channels because they are not dropped at the
intermediate ROADM in Albany; they are simply forwarded
along to the next span. We modeled all passthrough waves as
point-to-point links across segments and computed the overall
SNR as if the wave simply traversed the intermediate segments.

The physical path from NYC to Syracuse spans 553 km of
Corning E-LEAF fiber and includes 16 amplifiers, 3 ROADMs,
2 OSCs, and six intermediate line amplifier sites. On the other
hand, the reverse path—from Syracuse to NYC—includes 15

amplifiers, 3 ROADMs, and 2 OSCs. This asymmetry in noise
and amplification highlights the need for separate modeling of
each direction and channel.

3.3 Power correction for GSNR-to-SNR comparison

Receiver noise is a type of noise that originates locally at
the signal receiver and arises from thermal noise, quantiza-
tion errors, and other electronic impairments. It contributes
to the overall degradation of signal quality in optical systems.
GNPy’s Generalized SNR (GSNR) calculation accounts only
for ASE and NLI impairments, excluding receiver noise since
it is independent of the transmission path characteristics.

This omission results in systematic overestimation of signal
quality by GNPy when compared to real-world measurements
from the modeled network, since receiver noise can degrade
the observed SNR by about 1-2 dB depending on hardware
specifications. To address this discrepancy, we introduce a
calibrated receiver noise offset into our modeling pipeline.
Incorporating this offset allows us to predict the real-world
SNR given GNPy’s GSNR estimates across diverse network
scenarios. We discuss how to derive this offset in this section.

GSNR provides a vendor-agnostic useful optical signal qual-
ity estimate, practical deployments rely on transceivers measur-
ing and reporting the electrical Signal-to-Noise Ratio (eSNR),
which reflects the total degradation—including both optical
and receiver-induced noise. In contrast, GSNR specifically
quantifies optical impairments and is computed as the har-
monic sum of ASE and NLI contributions accumulated across
all fiber spans along a path as GSNR = ———1——.
X(asEtm)

Specifically, the transceivers in our network report Pre-
Forward Error Correction Bit Error Rate (Pre-FEC BER) val-
ues, which is directly related to eSNR. While some devices
provide eSNR via APIs, the reported values are limited to a
granularity of 0.1 dB. In contrast, computing eSNR from Pre-
FEC BER yields higher resolution and consistency. We provide
the equation for converting Pre-FEC BER to eSNR in §3.4.

Converting between OSNR (as reported by tools like
GNPy’s GSNR) and eSNR (as measured by transceivers)
would require a correction factor. Prior work [22] has shown
that this correction factor is input-power dependent. Specifi-
cally, for a fixed OSNR, increasing the input power also leads
to a modest increase in eSNR. Therefore, to avoid introduc-
ing confounding effects when evaluating the impact of opti-
mizations, it is important to maintain consistent input power
levels. To derive the appropriate correction factor, we selected
three channels (193.35, 193.5, and 193.75 THz) along the
Syr =+ Alb = NYC path. For each, we measured the eSNR at
the receiver and compared it against the segment-level GSNR
values predicted by GNPy using the following relationship:

1 1 1
eSNRgog  Power Correction Factor +Z GSNRgegment
3)
We estimated the power correction factor to be approxi-
mately 1/135 in linear units, or 21.3 dB which is similar to




the what has been found in other works [9] but it is sensitive
to vendor-specific transceiver characteristics and deployment
scenarios. Notably, the input power levels before and after opti-
mization remained within 1 dBm across all frequencies, hence
this correction factor remained stable throughout our analysis.

We applied this correction to predict eSNR from GNPy’s
GSNR in the reverse direction (NYC =+ Alb - Syr) and evalu-
ated both pre- and post-optimization signal quality. Since input
power remained nearly unchanged, observed improvements in
eSNR can be attributed to better optical path performance (i.e.,
improved OSNR) resulting from amplifier gain optimization.

3.4 Evaluating accuracy of the GN model

We compare the predicted end-to-end signal quality with the
measured metrics in the live network. The transceivers used
in NYSERnet measure hardware performance, including the
Pre-FEC BER. Thus, we use the measured BER to calculate
the received eSNR for comparison with the estimated eSNR
from the GN model. In this network, all wavelengths operate
at a 200 Gbps data rate and the transceivers use 16-state dual-
polarization quadrature amplitude modulation (16DP-QAM).
Given the modulation format, the eSNR can be derived as a
function of the Pre-FEC BER using the following [22]:

2
SNR =10 {erfc—l <§ -Pre-FEC BER)} 4)

Here, erfc ™! () represents the complementary error function.
We show that the predicted SNR closely resembles the model
estimated SNR in the evaluation (§5).

4 Optimizing quality of transmission

A key purpose of developing an accurate model of a live
optical network is the ability to conduct what-if analyses to
optimize real-world performance. To achieve this, we apply hy-
perparameter search techniques—commonly used in machine
learning [35]—to determine optimal amplifier gain settings.
Specifically, we use Optuna [3,27] to search for gain configu-
rations that maximize end-to-end signal quality, treating the
GN model as a opaque box. At each iteration, Optuna sam-
ples a candidate gain configuration across all amplifiers, and
these parameters are passed to GNPy to simulate the resulting
end-to-end GSNR.

Motivating optimization through amplifier gain sweeps:
To motivate the reason why optimization of the network is
feasible even at scale (with numerous amplifiers, each with
their own gain target), we highlight some single-amplifier gain
sweeps shown in Figures 4 and 5. The figure shows the GNPy-
predicted GSNR as a function of the gain setting for each ampli-
fier. Each curve was generated by sweeping a single amplifier
from its minimum possible gain setting to its maximum possi-
ble gain setting as specified in vendor datasheets [25], while
leaving all other amplifiers’ gain at their in-network value. We
observe that for many of the EDFA amplifiers, the GSNR is
not monotonic with respect to the gain setting. This is due to
the fact that the noise figure of the amplifier is not constant
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Figure 4: Observed GNPy GSNR for 193.5 THz pass-through channel
using EDFA amplifiers as a function of gain setting. Solid lines indi-
cate that the amplifier is along the NYC— Albany path, while dashed
lines indicate that the amplifier is along the Albany— Syracuse path.
The GSNR is not monotonic with respect to the gain setting, indicat-
ing that the noise contribution of the amplifier is not constant across
all gain settings.
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Figure 5: Observed GNPy GSNR for 193.5 THz pass-through channel
using Raman amplifiers as a function of gain setting. Solid lines
indicate that the amplifier is along the NYC— Albany path, while
dashed lines indicate that the amplifier is along the Albany—Syracuse
path. The intuition behind the relative flatness is that Raman amplifiers
introduce very little noise across their entire gain operating range
compared to EDFA amplifiers, thus their impact to the overall GSNR
with respect to gain is very small.

across all gain settings, and thus the noise contribution of the
amplifier is also not constant. The non-monotonicity is a key
reason why tuning the gain of amplifiers in a network can lead
to significant improvements in end-to-end SNR. Additionally,
the concavity of each curve suggests that the optimization pro-
cess can find the global GSNR maximum given the maximum
and minimum gain settings for each amplifier.
Scope of in-network gain optimization: Before conducting
any optimization steps, we first identified potential configura-
tion change windows with the network operator’s maintenance
schedules. Due to the operator’s requirement for scheduling
maintenance at least two weeks in advance, and due to the
operator disallowing multiple spans from being concurrently
scheduled for maintenance, we could only optimize the gain
targets for the NYC— Albany span. Thus for the pass-through
channels, any improvement to SNR was caused solely by tun-
ing the gain targets of the amplifiers in NYC— Albany span.
However, we show in Figures 4 and 5 that tuning amplifiers
in the Albany—Syracuse span (the dashed lines) has signifi-



cant positive effect (2 dB) on the GNPy-predicted end-to-end
GSNR for the 193.5 THz pass-through channel, even when the
amplifiers in the NYC— Albany span are left untuned. Future
work should explore the potential of tuning amplifiers using
the same procedure we detail for the Albany— Syracuse span.
Modeling constraints and simplifications: The amplifier
gain optimization is subject to several modeling constraints
and simplifications that shape the search space. Each ampli-
fier’s gain is bounded by its allowable range, again as specified
in vendor datasheets [25], and discretized into 0.5 dB incre-
ments (e.g., 10, 10.5, 11) to match the real-world amplifier’s
configuration granularity. For the ROADM devices, we keep
the total input signal power under the maximum 10 dBm as
allowed by the datasheet. We constrain the optimization such
that if GNPy predicts that the selected gain targets will result
in a total input power exceeding 10 dBm, then the trial is void.

To reduce modeling complexity, we set all Variable Optical
Attenuators (VOAS) in the network to zero. This simplificatio
n comes with the drawback that at low gain, EDFA amplifiers
suffer from increased noise figures compared to high-gain
operation. This can be problematic, since EDFA amplifiers
that operate at high gain and then have their signal attenuated
by a VOA will exhibit a lower noise figure than the same
EDFA amplifier operating at low gain without subsequent
attenuation [28]. We continued to pursue this simplification,
however, since it reduced the number of tunable parameters
from O(n?) to O(n). We acknowledge that optimizing the VOA
parameter could lead to a more optimal solution.

To further reduce modeling complexity, we fix all Raman
amplifiers to operate at their maximum gain. Due to their in-
herently lower noise figures compared to EDFAs, maximiz-
ing Raman gain improves the end-to-end predicted GSNR, as
achieving similar amplification with EDFAs would add signifi-
cantly more noise. Within this constrained space, we keep the
objective focused on identifying the gain profile that yields the
highest output GSNR and reduces running time to few minutes.
Limitations of built-in optimizer Unfortunately, the gain
target optimizer built into GNPy could not be used in our sce-
nario, since it occasionally outputs gain targets which were
beyond the capabilities of each amplifier. As an example, one
of the low-gain amplifiers used in the network was limited to
a gain factor between 7 and 11 dB. Yet, the built-in optimizer
in GNPy reported utilizing a gain of 4 dB for this amplifier,
which was impossible. Furthermore the default optimizer also
has no way to specify the maximum input power for ROADMs.
This is a critical consideration, since exceeding the maximum
input power can damage the ROADM optics.

Optimization performance and deployment: We ran the
tuning process for nearly ten thousand iterations, evaluating
different amplifier gain profiles and observing corresponding
GSNR values, as shown in Figure 6. We observed consistent
improvements in the highest observed GSNR during early iter-
ations, but the gains plateaued soon. We discovered the max
GNPy-predicted GSNR was 17.24 dB at a center frequency
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Figure 6: Observed GNPy GSNR for each trial iteration. The blue
dots indicates the GSNR for the trial iteration, while the orange line

represents the highest GSNR across all trials.

of 193.5 THz. This GSNR value is higher than the maximum
GSNR (17.16 dB) the baseline finds by sweeping the gain
parameter of a single amplifier at a time, as shown in Figures 4
and 5. Thus, our optimization process maximizes the GSNR
by varying the parameters across all amplifiers in our experi-
ments. Although the GNPy-derived final total input power was
within the 10 dBm limit for the ROADM, the network opera-
tor and maintenance team was unsure whether the power was
still too high, especially considering the age of the ROADM
components. Thus, we settled on a configuration which re-
turned a GNPy-predicted 17.14 dB final GSNR for the 193.5
THz channel. This is the configuration we applied to the live
network, where SNR improvements were directly measured.
We did not observe any cross channel interference in the three
logged channels under the changed configuration. In §5, we
present empirical results that demonstrate the effectiveness of
approach and configuration.

5 Evaluation

Table 2 and Table 3 compare the signal quality estimated
by the GN model with measured signal quality along the two
directions of the Syracuse — NYC optical route. Values in the
Model Estimate column are the estimated GSNR values from
the model. Values in the Power-corrected column are the SNR
values obtained by accounting for the input power-dependent
transceiver noise into the GSNR, resulting in a combined SNR.
Values in the Directly Measured column are the SNR values
measured in the network. We note that the photodetectors built
into transceivers are only precise to 0.5 dB.

To quantify accuracy, we include two error columns:
Power-corrected Error and Measured Error.

The errors are computed as:

Power-corrected

Error (%) = Model Estimate — Power-corrected

Power-corrected

x100 (5)

Measured  \fodel Estimate — Directly Measured
Error (%) = Directly Measured X100 (®)
Both the power-corrected and measured errors remain below
11% across all wavelengths and in both directions, with power-
corrected errors consistently lower than the measured ones.
This highlights the importance of incorporating the receiver

noise into the model. The predicted power-corrected signal




quality stays within 1.5 dB and within 10% relative error of the
measured values in the network.

5.1 Deployment results

After validating our GN model, we used it to optimize am-
plifier gain settings. As described earlier in §4, we treat the GN
model as a opaque box and apply hyperparameter tuning to
identify gain configurations that maximize end-to-end OSNR.
The hyperparameter-tuned model reports promising improve-
ments in SNR, especially in channels 193.5 THz and 193.75
THz which propagate over longer distances and are amplified
along the line more frequently (see Model Optimized values
in Table 5). Motivated from the optimized results, we applied
the computed amplifier gain targets to the three wavelengths
in the live network. To do this, the network operator opened a
maintenance window. During this maintenance window, we
applied amplifier gain changes in NYC— Albany—Syracuse
direction in increments of 0.5 dB to ensure that the changes
do not cause an outage. For each increment, we monitored the
SNR for one hour. In case of any performance degradation, we
planned to revert back. After applying the proposed changes,
SNR measurements showed an overall improvement of 4.2 dB
across all three wavelengths, with individual wavelength im-
provements reaching up to 1.8 dB. Using OSNR, we estimate
the improved network capacity using the Shannon-Hartley the-
orem [31], showing an increase of 10.4% for the link with 1.8
dB increment and 10.3% on average across all links. Follow-up
measurements taken after the maintenance window confirmed
that the improvements remained stable, demonstrating their
robustness over time. Specifically, the 193.35 THz channel saw
a stable improvement of 1.8 dB, as shown in Figure 7a. Simi-
larly, the 193.5 THz and 193.75 THz channels, which bypass
Albany, exhibited stable improvements of 1.34 dB and 1.33
dB, respectively, as illustrated in Figure 7b. Since the amplifier
updates were applied only in the NYC— Albany— Syracuse
direction—and the signal originates in NYC—the SNR at the
NYC location remains unchanged, as shown in Figure 7c.

Table 4 shows the improvement in signal quality resulting
from model optimization, comparing both directly measured
and power-corrected SNR values. To quantify these improve-
ments, we compute percentage gains using the following:

Power-corrected  poyer_corrected — Power-corrected Original

I t (%)=
mprovement (%) Power-corrected Original
M 4 @)
casure M d—M d Original
Improvement (%) = easure easured Original @®)

Measured Original
The results show that tuning the model improves both mea-
sured and estimated signal quality across all wavelengths. We
observe 1.6 dB (10.68%) improvement in directly measured
SNR values and 1.8 dB (12.2%) in power-corrected estimates.
In Table 5, we compare the modeling error against both
power-corrected and directly measured values after tuning the
network. While tuning improves absolute signal quality, we
see a modest increase in relative error for both sets of values.

x 100

6 Related work

Role of SNR and modeling in optical WAN: SNR is a key
metrics in planning and optimization of optical networks, play-
ing a critical role in determining signal quality and thus the
link capacity. Many recent works focus on utilizing SNR to op-
timize network operations which could benefit from accurate
SNR estimates and optical network modeling. RADWAN [34]
adapts link capacity based on observed SNR, but it treats SNR
as an external input, limiting its ability to anticipate signal
degradation. An optical network model could enable predic-
tive rate adaptation under dynamic conditions. Shoofly [33]
reduces hardware costs by using optical bypass, but their fea-
sibility depends on maintaining acceptable SNR. An optical
network model can evaluate the impact of bypasses on signal
quality and guide placement decisions. Arrow [38] addresses
recovery from fiber cuts by reconfiguring wavelengths onto
healthy fibers. An optical network model can help optimize
fiber selection and place wavelengths on fibers with the highest
SNR. OpTel [23] streams fine-grained optical telemetry data,
which could be complemented by a model to provide deeper
insights into SNR variations during short-lived optical events.
OWAN [19] optimizes optical WAN bandwidth and an opti-
cal network model could help improve spectrum utilization
and reduce unnecessary signal regeneration by better under-
standing the physical feasibility of different configurations.
FlexWAN [24] focuses on cost-effective planning of optical
infrastructure. An optical network model could provide more
accurate end-to-end SNR of the optical infrastructure which
can improve decisions. In such systems, SNR modeling can
improve decision-making and optimize network operations.
Diagnosing and predicting optical failures: Several recent
studies highlight the importance of understanding the failures
in optical WANs. Ghobadi et al. [15] show that optical signal
quality can be used to predict future outages and that link avail-
abilities vary over time. Zhang et al. [37] present a diagnosis
framework that leverages large-scale telemetry for root-cause
inference across layers. Our work complements both the ef-
forts. An optical network model enables predictive analysis of
performance degradation, even in the absence of live measure-
ments, and can improve failure diagnosis and management by
providing insights on expected physical-layer behavior.
Modeling optical network with GNPy: Several prior works
have established the utility of GNPy for modeling optical
networks. Curri et al. [6] outlines the foundational compo-
nents—including models for fiber spans, amplifiers, ROADMs,
and transceivers, and proposes its use as a digital twin for
network planning of optical systems. GNPy has been experi-
mentally validated by Ferrari et al. [13] using mixed-fiber,
Raman-amplified, multivendor testbeds, showing high accu-
racy in predicting SNR. Lab-based studies D’Amico et al. [7]
have further demonstrated GNPy’s precision in a lab environ-
ment. Additionally, recent efforts like Zhang et al. [36] com-
bine the GN model with deep learning to improve scalability
and prediction quality in CL-band optical networks.
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Figure 7: SNR changes over time at different transceivers for various paths in the network.

Channel Model Power- Directly Power-corrected | Measured
(THz) Estimate (dB) | corrected (dB) | Measured (dB) Error (%) Error (%)
193.35 16.91 15.56 15.5 8.68% 9.10%

193.5 16.07 14.93 15.1 7.65% 6.43%
193.75 16.25 15.07 15.2 7.83% 6.91%

Table 2: Comparison of model estimates and measured dB values for Syr—Alb— NYC.

Channel Model Power- Directly Power-corrected | Measured
(THz) Estimate (dB) | corrected (dB) | Measured (dB) Error (%) Error (%)
193.35 16.23 15.06 14.7 7.77% 10.41%

193.5 15.39 14.39 13.9 6.96% 10.72%
193.75 15.46 14.46 14.1 6.91% 9.68%

Table 3: Comparison of model estimates and measured dB values for NYC — Alb — Syr.

Channel | Power-corrected | Power-corrected Measured Measured Power-corrected Measured
(THz) Original (dB) Optimized (dB) | Original (dB) | Optimized (dB) | Improvement (%) | Improvement (%)
193.35 15.06 16.67 14.70 16.5 10.68% 12.24%

193.5 14.39 15.73 13.90 15.3 9.32% 10.07%
193.75 14.46 15.79 14.10 15.1 9.20% 7.09%

Table 4: Improvement in power-corrected and measured SNR values between original and optimized models.

Channel | Model Optimized Power- Directly Power-corrected | Measured
(THz) (dB) corrected (dB) | Measured (dB) Error (%) Error (%)
193.35 18.49 16.67 16.5 10.92% 12.06%

193.5 17.14 15.73 15.3 8.96% 12.01%
193.75 17.22 15.79 15.1 9.06% 14.01%

Table 5: Comparison of post optimization model estimates and measured dB values for NYC — Alb — Syr.

While these studies validate GNPy in simulation and con-
trolled environments, our work is the first to model and opti-
mize a field-deployed optical WAN using GNPy.

7 Operational experience and lessons learned

In developing the model and deploying the optimized con-
figuration, we encountered several operational challenges and
gained insights into the process of applying the Gaussian Noise
model to optical networks.

Data collection challenges: While developing the model, we
found that obtaining accurate data about network components
was a significant challenge. Many equipment details were
proprietary, requiring reliance on vendor datasheets. Even with
collaboration with network operators, some gaps due to the
vendor restrictions may remain.

Deployment constraints: Operators face challenges imple-
menting network changes, which requires careful planning.
Even though the model can produce optimal configurations,
some parameters in the network cannot be adjusted without

risking stability due to equipment age or other factors. During
deployment, we had to adhere to maintenance windows and
ensure all changes within specifications.

Model accuracy vs. utility: Although models are not perfectly
accurate, they remain valuable for optimization and “what-if”
analysis. Even approximate models can provide actionable
insights and help operators identify better configurations.
Generalizability to diverse networks: Real-world networks
often include components that differ across deployments. How-
ever, with accurate data and appropriate corrections, the model
can be adapted to diverse networks.

8 Conclusion

We develop a Gaussian Noise model of a New York state
ISP’s optical network and apply hyperparameter search tech-
niques to optimize amplifier gain settings, improving end-to-
end signal quality. A field deployment of the optimized settings
shows an SNR improvement of nearly 2 dB per wavelength.
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