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Abstract—This study presents a digital twin-enabled frame-
work integrated with a binary classification Machine Learning
(ML) model for forecasting failures in Erbium-Doped Fiber
Amplifiers (EDFAs). The framework utilizes GNPy, an open-
source optical network planning tool, to construct a digital
twin that serves as a virtual replica of the physical EDFA
system. This digital twin facilitates the estimation of Quality
of Transmission (QoT), along with the collection and analysis
of key operational parameters. A binary classification model,
based on Long Short-Term Memory (LSTM) networks, is trained
on the data generated by the digital twin to predict potential
EDFA failures, achieving a high prediction accuracy of 98%.
This predictive capability enables early fault detection and
proactive maintenance, thereby minimizing unplanned downtime
and service disruptions. By incorporating real-time analytics and
predictive insights, the proposed approach significantly enhances
the reliability, availability, and intelligence of optical network
management.

Index Terms—Digital Twin, Erbium-Doped Fiber Amplifier,
Fault Detection, Machine Learning, Network Reliability, Proac-
tive Failure Management, Soft failures.

I. INTRODUCTION

Optical amplifiers are fundamental to modern optical com-
munications, as they allow direct amplification of optical
signals over long distances, eliminating the need for complex
and costly Optical-Electrical-Optical (OEO) regeneration and
support high-capacity Dense Wavelength Division Multiplex-
ing (DWDM) systems [1]. Erbium-Doped Fiber Amplifier
(EDFA), operating in both the C-band (x=1530-1565 nm)
and L-band (=1565-1625 nm), is a key component in multi-
band transmission architectures [2]. With the growing demand
for scalable and cost-efficient solutions, today’s optical net-
work product industries are transitioning to EDFA pluggable
modules for applications such as datacenter interconnects and
IP over Wavelength Division Multiplexing (IPoWDM) metro
networks. Given the critical role of EDFAs in both current and
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next-generation optical network infrastructures, their proper
monitoring and failure management are vital for meeting
stringent Service Level Agreements (SLAs). Early detection
or prediction of EDFA failures enables network operators
to maintain optimal Optical Signal-to-Noise Ratio (OSNR),
which is critical for ensuring the desired Quality of Transmis-
sion (QoT). Proactive failure management not only improves
network reliability but also contributes to reducing Operational
Expenditures (OpEx) by minimizing service disruptions, the
need for reactive maintenance, and the on-site interventions.
Machine Learning (ML) techniques enable the automation
of detection and classification of soft failures, leading to
more effective failure management [3]. Several studies have
explored the application of ML for soft failure detection in
optical networks by training models under normal operating
conditions [4], [5] and considering multiple soft failures
simultaneously such as an increase in EDFA Noise Figure
(NF), frequency drift or drop in transmit lasers, filter misalign-
ment or tightening [6], amplifier gain degradation, transponder
power reduction, and fiber attenuation [7], etc. However, this
approach presents significant challenges. Training exclusively
on normal conditions can lead to inaccurate predictions if
latent or undetected faults are present during data collection.
Moreover, “normal” operating conditions can vary widely,
making comprehensive representation in the training dataset
very difficult. Furthermore, training a single ML model to
detect multiple types of soft failures across various compo-
nents—such as amplifiers, transponders, and optical fibers—
introduces additional complexity. This increases the difficulty
of optimizing model parameters (e.g., batch size, learning
rate, and other hyperparameters) and often results in longer
inference times. The heterogeneous nature of these failures
also contributes to a higher risk of false positives and degraded
detection accuracy, thereby limiting the model’s practical de-
ployment in real-time network monitoring environments. This
work adopts a focused machine learning strategy dedicated
solely to modeling and forecasting failures in EDFAs, thereby
reducing model complexity and improving detection accuracy.
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Fig. 1: DT Integrated Binary Classifier ML Model Framework for EDFA Failure Prediction - an Illustration.

This study presents an innovative methodology that lever-
ages a virtual replica of the physical EDFA within a QoT
Digital Twin (DT) environment, implemented using the open-
source GNPy framework [8]. The proposed approach enables
the systematic generation of a comprehensive monitoring
dataset by simulating a wide range of EDFA operating condi-
tions and parameter variations. Key transmission performance
metrics—such as Generalized Signal-to-Noise Ratio (GSNR),
OSNR, Bit Error Rate (BER), and channel power—are cap-
tured under both normal and degraded states to reflect real-
world dynamics of EDFA behavior. This synthetic dataset
forms the foundation for training a binary classification ML
model aimed at the accurate prediction of EDFA failures.
By integrating the digital twin-based simulation environment
with the ML model, the framework facilitates proactive failure
detection, reduces dependency on field data, and enhances the
reliability and manageability of optical transport networks.

The framework outlining the general concept of database
generation using the DT and the integration of the binary
classifier ML model for the prediction of EDFA failure is illus-
trated in Fig. 1. In this study, we employ a Long Short-Term
Memory (LSTM)-based ML model, chosen for its proven
ability to learn patterns from sequential data[6], to capture
the temporal evolution of EDFA failure scenarios. The model
is trained on a comprehensive dataset generated through the
simulation of various failure conditions using the GNPy, which
emulates realistic operational and degradation behaviors of the
EDFA. The following outlines the structure of the remaining
sections of this paper. The implementation of DT within the
GNPy framework and the process of database generation are
presented in Section II. Section III details the ML model
and its performance evaluation. Finally, Section IV provides
concluding remarks and outlines potential directions for future
work.

II. QOT DIGITAL TWIN AND DATABASE GENERATION

This section describes the implementation of DT of real
network topology in GNPy and discusses EDFA failures and
its simulation in GNPy for the generation of databases for
training ML models.

A. Optical Multiplexed Section DT in GNPy

The implementation of a DT in the domain of optical
networks is emerging as a transformative paradigm capable
of reshaping how these complex infrastructures are designed,
operated, and maintained. By offering a digital counterpart that
mirrors the behavior and status of the physical optical infras-
tructure, DTs enable end-to-end lifecycle management. This
includes functionalities such as network design and planning,
real-time monitoring, performance forecasting, dynamic opti-
mization, and even failure prevention and self-healing mecha-
nisms. In recent years, there has been substantial progress in
the development and application of DT technologies tailored
specifically to optical communication systems. These efforts
span from the initial stages of conceptual modeling, to rigor-
ous simulation-based validation, and ultimately to real-world
deployment and control.

A DT tailored for optical networks is typically composed
of three essential and interdependent building blocks, as de-
scribed in [9]:

1) DT Model: This represents the core simulation envi-
ronment, accurately replicating the physical structure
and behavior of the network. It includes all the critical
components of the optical infrastructure—such as optical
amplifiers, fiber spans, transponders, and Reconfigurable
Optical Add-Drop Multiplexers (ROADMSs)—along with
their respective physical and operational parameters (e.g.
gain, NF, fiber loss, dispersion, etc.). The fidelity of the
digital model is key to ensuring that the DT can reliably
mirror the real-world system.



Tx/Rx- Transceiver

ROADM- Reconfigurable Optical Add/Drop Multiplexer
BST- Booster EDFA

ILA- In Line EDFA

PRE-AMP- Pre-amplifier EDFA

SMF- Single Mode Fiber

SMF 520km
(8x 65km)

ILAS

ILA7

LA6 PRE-AMP  ROADM

Fig. 2: Reference Network Topology Used in this Work for EDFA Failure Analysis, Comprising of 9 EDFAs (7 ILAs, 1
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2) Real-Time Data Exchange: A continuous and bidirec-
tional flow of telemetry data is essential to synchronize
the digital model with the physical network. This stream
of live information, collected from optical monitors,
sensors, and device controllers, allows the DT to dy-
namically update its internal state, accurately reflecting
current network conditions. This connectivity allows the
DT to evolve in real time as the network conditions
change.

Closed-Loop Control and Optimization: Beyond pas-
sive monitoring, a DT can actively influence the physical
network. Leveraging simulations and analytical models,
the DT supports network operators in making informed
decisions. It can propose or directly enact configuration
changes, optimize operational parameters, detect and
mitigate degradations, and ultimately enhance the QoT
and overall system reliability.

3)

Within this framework, the GNPy software library plays
a fundamental role as the core modeling engine of the
digital twin. GNPy is an open-source Python-based library
that implements the Gaussian Noise (GN) model to evaluate
the QoT of coherent optical transmission systems. It is de-
signed to simulate optical signal propagation across complex,
multi-span, and multi-vendor network topologies. By treating
the transmission channel as an accumulation of Amplified
Spontaneous Emission (ASE) noise and nonlinear interference
modeled as Additive White Gaussian Noise (AWGN), GNPy
provides an efficient and vendor-agnostic way to evaluate link
and path performance in terms of Signal-to-Noise Ratio (SNR)
or GSNR.

With its flexibility and openness, GNPy has become a
widely adopted tool among researchers and operators in the
field of open optical networking. It allows users to design
and simulate transparent optical paths, validate optical reach,
and estimate the maximum capacity and performance of both
planned and already-deployed infrastructures [8], [10]. Its
modular architecture supports the representation of disaggre-
gated network components, making it especially suitable for
modern open and software-defined environments.

In this work, we leverage GNPy to construct the digital
model of an optical multiplexed section, focusing on a specific
test scenario that mimics a realistic link deployment. As
illustrated in Fig. 2, the network under study consists of a
single-mode fiber link of 520 km total length, segmented
into eight fiber spans of approximately 65 km each. The
modeled digital twin includes a detailed representation of all
active and passive optical elements, including seven In-Line
Amplifiers (ILAs) deployed along the link, as well as booster
and pre-amplifiers at both ends of the transmission direction.
These amplifier models have been instantiated to mirror the
behavior of commercially available devices, using accurate
configuration parameters.

By embedding GNPy within the DT loop, it becomes possi-
ble to estimate GSNR values at the receiver, assess optical fea-
sibility before service provisioning, and even simulate what-
if scenarios to predict the impact of failures, degradations,
or configuration changes. This framework demonstrates the
potential of GNPy not only as a QoT estimation tool, but
as a building block of a broader digital ecosystem for the
autonomous control and optimization of optical networks.

B. Performance Degradation in EDFAs and Database Gener-
ation

EDFAs, while playing a critical role in optical communi-
cation systems by compensating for signal attenuation over
long distances, are susceptible to various issues that can
compromise network performance, directly impacts the QoT.
One common problem in EDFA is amplifier gain reduction,
which may occur over time due to aging of pump lasers,
saturation of the gain media, pump efficiency degradation
resulting in overall gain reduction. Another critical issue is
increased noise levels, primarily from ASE [11], which can
worsen due to pump laser instabilities, wavelength drift or
aging of the pump laser. Additionally, anomalies in output
power, such as unexpected spikes or drops, may result from
variations in pump current or complete pump laser failure.
These impairments not only degrade the signal quality but
can also lead to significant disruptions in network operation if
not detected and mitigated promptly [12].



Persistent faults in EDFAs can escalate into critical system-
level failures, potentially resulting in significant service out-
ages and degraded network performance. Given the central role
that amplifiers play in Optical Line Systems (OLS)—primarily
by sustaining signal strength and preserving the required
performance metrics over long distances—it is imperative to
monitor the performance degradation.

GNPy is employed to model the optical network and assess
how physical layer effects—such as noise (ASE), non-linear
signal distortion, and dispersion buildup—impact transmission
quality. The simulation framework takes a detailed representa-
tion of the network as shown in Fig. 2, incorporating elements
such as fiber span, node information, along with technical
specifications including amplifier characteristics, noise figures,
and transponder configurations. Based on these inputs, the tool
computes quality indicators like GSNR, OSNR, etc. GNPy
conducts optical signal propagation analysis by modeling how
signals traverse and interact with various network components
such as fiber spans, amplification stages, and ROADMs. It
incorporates detailed physical layer attributes, including at-
tenuation per span, length of fiber sections, gain variations
across wavelengths, and nonlinear effects. Through successive
application of the GN model along the transmission route,
GNPy simulates the aggregate impact of these impairments
on signal integrity.

The GNPy simulation framework was utilized to synthesize
the training dataset by systematically varying key network pa-
rameters across numerous simulation instances. This method-
ology facilitated the modeling of a wide spectrum of network
configurations and operational scenarios, including rare fault
conditions that are typically difficult to observe in production
networks due to their low occurrence rate and the inherent
complexity of acquiring data from live networks.

By altering parameters such as amplifier gain, transponder
configurations, and fault injection settings, GNPy facilitated
the emulation of diverse network behaviors and corresponding
signal quality indicators. To model gradual amplifier degrada-
tion, gain values were incrementally reduced in small steps,
while the Variable Optical Attenuator (VOA) initially kept at
maximum value was decremented concurrently to compensate
for output power loss. This approach effectively represents
silent failures—subtle degradations that cannot be detected
through standard power monitoring. In practical scenarios,
maintaining amplifier gain degradation within the compen-
satory range of the VOA is critical for avoiding service
disruption, as the objective is to detect and predict soft failures.
If the induced fault exceeds the VOA’s corrective capability,
it may escalate into a hard failure, resulting in complete loss
of the optical signal.

The impact of failures on transmission parameters is eval-
uated by observing gradual changes. Step sizes for parameter
degradation are randomly selected to ensure that the cumula-
tive deterioration mimics realistic field-induced defects. This
randomness in step size across different time intervals captures
natural fluctuations observed in operational networks. The
resulting time-series dataset, used for training the machine

learning model, encapsulates variations in GSNR correspond-
ing to the degradation patterns of individual amplifiers—each
characterized by distinct gain and tilt profiles. This dataset re-
flects diverse degradation behaviors and supports the model in
learning to predict performance degradation trends accurately.

The constructed dataset plays a key role in the development
and evaluation of ML models for forecasting EDFA-related
faults. By utilizing the adaptability of the GNPy simula-
tion tool, a broad spectrum of practical and varied network
conditions is incorporated. This diversity helps enhance the
model’s accuracy and ensures it performs well across multiple
operating scenarios.

III. BINARY CLASSIFIER ML MODEL AND PERFORMANCE
EVALUATION

An outline of the LSTM ML approach is provided in this
section, followed by an assessment of its performance in
predicting EDFA failures.

A. LSTM — The Binary Classifier

ML techniques have proven to be highly effective in
handling time-series forecasting problems because of their
ability to learn complex patterns from sequential data [13].
LSTM model, a specialized type of Recurrent Neural Network
(RNN), which is designed to overcome the limitations of
traditional RNNs by incorporating memory cells and gating
mechanisms to retain relevant information over extended time
intervals, is used for its capability to capture both short-
and long-term temporal dependencies [6], [13]. The core
architecture of LSTM includes forget, input, and output gates,
which regulate the flow of information and enable the network
to selectively remember or discard data in the time steps [14].
In this context, LSTM stands out for its capability to capture
long-term dependencies while simultaneously accounting for
short-term variations. This makes LSTM particularly effective
for learning slow degradation trends in optical signal quality,
where EDFA faults may develop gradually over time.

Here, the LSTM model is employed to analyze data sets
generated from GNPy, focusing on detecting signal degrada-
tion due to failures in EDFAs. Specifically, the GSNR values
obtained from GNPy under normal conditions, without faults
in the amplifiers, serve as baseline. As slow degradation is in-
tentionally introduced in the amplifier gain, the corresponding
GSNR values reflect the impact of these changes. The model
is trained using the difference between GSNR values under
degradation and the baseline, alongside the duration of fault
conditions. A gradual decline in GSNR values is observed as
amplifier degradation increases, and these trends are utilized
to enhance the model’s predictive accuracy.

B. Performance Evaluation in Binary Classification

In binary classification tasks, a predictive model assigns
each instance to one of two possible categories, typically
referred to as “positive” (or true) and “negative” (or false).
The effectiveness of such a classifier is commonly assessed
through the outcomes it produces when compared to known



ground-truth labels. These outcomes can be categorized into
four fundamental types[15]:

1) True Positives (TP): The count of instances correctly
predicted as belonging to the positive class, i.e., cases
where both the actual and predicted labels are positive.

2) True Negatives (TN): The number of instances accu-
rately classified as negative, indicating agreement be-
tween the true label and the prediction in identifying a
negative case.

3) False Positives (FP): The total number of instances
that were incorrectly labeled as positive by the model,
despite being negative in reality. This type of error is
also known as a Type I error.

4) False Negatives (FN): Instances where the model in-
correctly predicted the negative class for samples that
actually belong to the positive class. This corresponds
to a Type II error.

These four quantities form the basis for various evaluation
metrics used to measure the classifier’s performance. Accu-
racy represents the overall proportion of correct predictions,
combining both true positives and true negatives, relative to the
total number of predictions made. It serves as a basic indicator
of a model’s general correctness [6], [15]:

TP+TN
AU = T TN 1 FP 1 FN %

Precision measures the reliability of positive predictions.
Specifically, it is the fraction of instances predicted as positive
that are actually positive. A higher precision indicates that the
classifier makes fewer false positive errors:

TP
Precision = ———— 2
TP+ FP @
Recall also known as sensitivity or the true positive rate,
recall assesses the model’s ability to identify all relevant
instances of the positive class. It quantifies the proportion of
actual positives that are correctly detected:

TP

Recall = TP+ FN 3)
The Fl-score provides a balanced measure that combines
both precision and recall into a single value. It is particularly
useful in scenarios with uneven class distributions or where
both types of errors (false positives and false negatives)
carry significant consequences. The Fl-score is defined as the

harmonic mean of precision and recall:

TP

Fl—score—2><2TP+FP+FN 4)

This formulation ensures that the F1-score will only be high
when both precision and recall are reasonably high, penalizing
models that perform well on only one of the two dimensions.
The performance of the LSTM Binary classifier model is
evaluated using two tools: the classification score (Accuracy,
Precision, Recall and Fl-score) as described above and the
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confusion matrix highlighting the actual and predicted EDFA
failures.

Fig. 3 shows the three key metrics of the classification score
as a heat map. Darker shades in the heat map correspond to
higher values, indicating stronger performance. For instance,
class ILA5 achieves the highest Precision (1.00), Recall (0.99)
and F1-score (0.99), reflecting excellent classification accuracy
for this class. Class ILA5 has all the metrics with the same
score 0.98 showing consistent performance. Other classes,
such as ILAg, also show strong results, with Recall values
(0.95) and Precision, Fl-score of (0.96) each indicating that
the model captures the majority of relevant instances and were
correctly detected. Overall accuracy of the model is 98%.
The heat map provides an insightful overview of the model’s
performance across these metrics.



Fig. 4 shows the confusion matrix which provides a detailed
comparison between the actual and predicted classes, help-
ing to identify the model’s performance across these seven
categories (ILA; to ILA7). Each entry in the matrix shows
the number of samples where the predicted class (columns)
matches or differs from the actual class (rows). For example,
the model correctly classified 429 samples for class LA,
and misclassified 2 samples as ILA; and 1 sample as ILAg.
This matrix gives a clear picture of the model’s strengths in
distinguishing between the classes, with the highest misclas-
sifications limited to 13 samples for ILA3 and ILAg while the
model correctly classified 372 and 267 samples respectively
for these classes.

IV. CONCLUSION AND FUTURE DIRECTIONS

In conclusion, this paper introduced a methodology for
predicting EDFA failures in optical networks through the inte-
gration of DT and ML algorithms. Leveraging the open-source
GNPy framework, the proposed approach enables a vendor-
neutral solution for the early detection of EDFA failures,
thereby enhancing its adaptability across multi-vendor optical
network environments.

The study concentrated specifically on the prediction of
EDFA-related faults, aiming to optimize the practical applica-
tion of ML techniques for this critical use case. By construct-
ing DTs that capture network dynamics and training a LSTM
model on the resulting time-series data, the method achieved
a high prediction accuracy of 98%. This result highlights the
model’s effectiveness in identifying both short- and long-term
behavioral trends associated with amplifier anomalies.

More importantly, the ability to forecast failures before they
manifest enables a proactive network management strategy.
Timely interventions based on model predictions can substan-
tially reduce unplanned service disruptions, improving both
reliability and operational efficiency within the optical layer.

Future extensions of this research could involve broadening
the scope of failure scenarios modeled for EDFAs. Incorporat-
ing additional failures—such as device temperature variations,
pump current anomalies, and pump laser failures—would
enhance the comprehensiveness and real-world applicability of
the predictive framework, leading to improved fault coverage.
Furthermore, the underlying methodology can be adapted to
develop specific models for failure prediction in other critical
optical network elements, such as ROADMSs or transceivers.
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