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Abstract—This work introduces an advanced comprehensive
framework for predictive maintenance by integrating Digital Twin
(DT) with multiple Deep Learning (DL) models with the aim of pre-
dicting amplifier failures in optical networks. Using GNPy (Gaus-
sian Noise model in Python), an open source framework, a DT is
created to emulate network behavior under both normal and failure
conditions, enabling the generation of synthetic datasets represen-
tative of amplifier degradation fault scenarios. These datasets are
used to train DL models based on Convolutional Neural Networks
(CNN), Long Short-Term Memory (LSTM), and Long- and Short-
Term Time-Series Networks (LSTNet). A comparative analysis
shows that all models exhibit strong performance, with LSTM
achieving an accuracy of 99% and LSTNet, CNN models closely
following at 98% and 96 % respectively, demonstrating the ability
of these DL models to identify complex temporal and statistical
patterns in network telemetry data, facilitating accurate prediction
of early failures. This integrated solution provides a scalable and
data-driven approach for proactive fault management, improving
operational capabilities in optical transport networks.

Index Terms—Deep learning, digital twin, failure prediction,
network reliability, optical networks, proactive failure mana-
gement.
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I. INTRODUCTION

N TODAY'’S digital era, characterized by rapid develop-

ments in artificial intelligence and the widespread use of
bandwidth-intensive applications, the need for extremely high
data transmission rates has increased significantly. Optical fiber
communication networks, which serve as the backbone of high-
speed data infrastructure, play a crucial role in addressing this
growing demand. As a result, service providers are increasingly
focusing on enhancing the efficiency of existing systems to
fully exploit available capacity. This push toward optimization
reduces system margins. As current networks transition to lower
operational margins while continuing to rely on traditional static
failure management methods, the chances of critical failures
increase [1]. The resulting extended network down-time can
lead to substantial financial losses, motivating network oper-
ators to prioritize proactive management strategies over reactive
approaches.

Conventional failure management approaches, predominantly
utilize threshold-based techniques, in which fixed, predefined
limits are used to identify anomalies or signs of performance
degradation [2]. Although these methods are relatively simple to
implement, they are inadequate in handling the complexities and
dynamic behavior of modern network environments. To address
these complexities with the exponential growth of traffic load,
there is a growing need for smarter and more flexible failure man-
agement approaches that can understand the current state of the
network and detect problems in advance. This work addresses
the challenge of localizing soft-failures in optical amplifiers
characterized by amplifier gain degradation, which leads to a
decline in Optical Signal-to-Noise Ratio (OSNR), impacting the
Quality of Transmission (QoT). At present, such failures can be
difficult to detect and diagnose using the standard monitoring
parameters exposed by network equipment and line cards. The
persistence of such silent failures can eventually lead to hard
failures, significantly impacting network performance and reli-
ability. Predicting failures before they occur allows operators to
take action in advance, which helps prevent service disruptions.
This kind of early warning system improves network reliability,
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reduces downtime, and reduces costs associated with replacing
or repairing equipments.

Inrecent years, the use of Machine Learning (ML) techniques
in the field of optical network failure management has attracted
growing interest from both academia and industry [3], [4], [5],
[6], [7], [8], [9], [10].This surge in attention stems from the abil-
ity of ML to analyze vast amounts of network data, uncover hid-
den patterns, and make intelligent inferences without relying on
predefined rules. A wide range of research efforts have been ded-
icated to exploring how ML can be applied for fault detection,
isolation, and localization, particularly soft-failures [11], [12],
[13], [14], [15]. These studies show that ML can provide reliable
and adaptable solutions for recognizing and diagnosing subtle
network faults that often go unnoticed by traditional monitoring
techniques. These soft-failures, which may not trigger fixed
threshold-based methods, can be addressed more effectively
through data-driven models capable of identifying complex and
evolving patterns in network behavior. However, to ensure the
practical deployment and reliability of an ML model in the
context of failure management, it is imperative that the model is
trained on a comprehensive and representative data set [ 16]. This
implies that training data should cover various types of failure
conditions, including common and rare cases, as well as varying
operating environments and system behaviors. Learning from
such a broad dataset improves the model’s capability to recog-
nize and predict failures, making it more reliable and effective
when applied in real systems, where unexpected failures can
occur. Therefore, building a diverse and comprehensive dataset
is a key step in developing an ML model that performs well in
practical failure management applications.

However, collecting labeled failure condition datasets from
deployed optical networks for training ML models remains
challenging due to the uneven occurrence of different fault
types. Some failures particularly rare or transient ones occur
infrequently or only under specific conditions. As a result, the
datasets collected are often unbalanced, with certain failure types
significantly underrepresented. Additionally, in experimental
laboratory test beds, the generation of failure datasets is limited
by the cost, time, and risks associated with inducing faults. This
general imbalance in the training dataset hinders the ability of
the models to learn effectively, reducing its accuracy in detecting
various types of fault. Recent research emphasizes the problem
of data scarcity when training ML models for failure manage-
ment in optical networks [17], [18]. To address this challenge,
various data augmentation techniques have been proposed in
these works with the aim of enriching the training datasets by
generating additional synthetic or transformed data samples.
These methods help improve model performance by mitigating
class imbalance and improving the representation of rare failure
scenarios. Although data augmentation methods can partially
alleviate the problem of data scarcity, they fail to capture the
full complexity and variability of real-world failure scenarios.
Augmented data may lack nuanced patterns and contextual
factors present in actual failure events, limiting its effectiveness.
Consequently, ML models trained solely on augmented data
may face difficulties in generalizing to real-world conditions,
potentially reducing their accuracy and reliability in practical
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implementations. Another method of enriching datasets is using
Digital Twins (DTs), which are virtual copies that replicate the
structure and behavior of physical systems [19]. In contrast to
data augmentation, DTs can leverage physics-based modeling,
domain information, and past data to more accurately generate
failure events. Using DTs, it becomes possible to generate varied
and realistic fault scenarios that might be rare or unpredictable
in live networks. DTs and network streaming telemetry provide
a flexible and scalable framework for developing and testing
machine learning models aimed at managing failures in optical
networks [20], [21], [22]. DTs allow us to replicate normal
operations, as well as a broad spectrum of failure events in a
controlled and repeatable environment [23], [24].

This research work presents a novel framework that combines
DT with a suite of multiple Deep Learning (DL) models to
anticipate failures of optical amplifiers in optical networks.
Leveraging GNPy (Gaussian Noise model in Python) [25],
an open source framework, the DT is designed to mirror the
operational characteristics of the network in both nominal and
degraded amplifier states. DT enables the systematic generation
of synthetic datasets that capture the progression of amplifier
deterioration and fault scenarios. The DL models are trained
using an extensive dataset produced through the DT. Failure
predictions are derived from the results of individual models, en-
abling a majority vote-based decision mechanism that improves
the reliability of the prognostics provided to network operators.
The general architecture of the DT-integrated multiple DL suite
framework for the prediction of failures in optical networks is
illustrated in Fig. 1.

The remainder of this paper is organized as follows. Section
IT presents the GNPy-based DT framework and explains the
methodology used to generate the training dataset used in this
study. Section III outlines the suite of DL models utilized for
failure prediction, which are trained and tested using the dataset
generated as described in the previous section. Section IV eval-
uates the performance of these models in detail, providing both
quantitative metrics and comparative analysis to assess their
effectiveness. Section V concludes the paper by summarizing
the key findings and highlighting the broader implications of this
work, as well as outlining possible avenues for future research.

II. GNPY — THE DT OPEN SOURCE FRAMEWORK
A. Digital Twin Creation With GNPy

GNPy is an open-source physical-layer engine that estimates
end-to-end QoT for coherent Wavelength Division Multiplexing
(WDM) systems by explicitly modeling linear and nonlinear
impairments along an optical path. From human-readable de-
scriptors, it builds a DT of the network and propagates channel
spectra span-by-span, accumulating noise and filtering effects to
produce per-channel QoT metrics, e.g. OSNR, GSNR (Gener-
alized Signal to Noise Ratio) at the receiver [25]. GNPy adopts
a Gaussian Noise (GN) [26] family model to approximate non-
linear Interference (NLI) generated by Kerr nonlinearity, while
accounting for: (i) fiber attenuation and chromatic dispersion,
(ii) amplifier Amplified Spontaneous Emission (ASE) noise
via Noise Figure (NF) and gain, (iii) cascaded filtering due to
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Fig. 1.

Wavelength Selective Switch (WSS)/ Reconfigurable Optical
Add-Drop Multiplexers (ROADMs) (including passband nar-
rowing across multiple hops), (iv) per-channel launch power,
symbol rate, and spectral shape.

The DT is defined by two primary JSON descriptor files in

the GNPy framework:

e Topology: This file captures the physical and logical struc-
ture of the network. It defines all Network Elements, such as
ROADMs, In-Line Amplifiers (ILAs), and transceivers. It
also specifies the interconnections between these elements,
highlighting how signals cross over the network. The topol-
ogy descriptor essentially maps the entire infrastructure
and serves as the blueprint for the network layout.

e Equipment library: This file contains the detailed specifica-
tions and performance parameters of all hardware compo-
nents used in the network. It includes: Fiber characteristics,
such as attenuation, chromatic dispersion, and nonlinear
coefficients. Amplifier properties, including gain range,
NF, and optional attributes such as gain ripple or tilt.
WSS/ROADM filter profiles, describing bandwidth, shape,
and other filtering behaviors. Transceiver parameters, such
as symbol rate, roll-off factor, and Forward Error Correc-
tion (FEC) or Bit Error Rate (BER) thresholds.

Optionally, a service/demand file enumerates end-to-end re-

quests (source/destination, bit rate, symbol rate, spacing, spec-
tral slot). The experimental testbed and its corresponding GNPy
based virtual topology are shown in Figs. 2 and 3, respectively.
The optically amplified link comprises nine Erbium Doped Fiber
Amplifiers (EDFAs) including a booster stage, a pre-amplifier,
and seven ILAs separated by eight standard Single Mode Fiber
(SMF) spans, each with a length of 65 km. The complete C-band
WDM spectrum is launched at the booster input, consisting of 64
carriers spaced at 75 GHz and modulated at 64 GBd. The chan-
nels are generated using programmable coherent transceivers
equipped with remote configuration and telemetry capabilities
through a NETCONF interface. The routing configuration is
fixed throughout the analysis, with the primary focus placed on

DT integrated DL models suite for failure prediction in optical transport networks- an illustration.

Optical
Amplifier
Modules

Reconfigurable
Optical
Add/Drop
Mutltiplexer
(ROADM)
Modules

Transceivers

Fig. 2. Experimental testbed network consisting of transceivers, ROADMs,
optical amplifiers, fiber spools etc.

the evolution of the physical layer parameters in response to
amplifier degradations. The experimental testbed is replicated
by constructing an equivalent network topology and assigning
identical parameters to all network elements, thereby generating
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a DT of the real transmission setup. The interactions between
the real network and the digital twin occur primarily during the
parameter mapping and validation stages. The configuration of
the real network such as EDFA operating points, span lengths,
fiber characteristics, and spectrum features are mapped to ensure
that the digital twin accurately represents real operational condi-
tions. Given a routed light path and its channel plan, evaluation
proceeds element-by-element:

e Transmitter: Instantiate per-channel spectra from symbol

rate and roll-off; set launch powers; initialize noise budget.

o Fiber span: Apply deterministic attenuation and disper-

sion; compute the NLI span (self- and cross-channel) via
the GN kernel using the span parameters and channel grid.
e JIA: Restore power budget with configured target gain
(typically compensating span loss) and add ASE noise per
NF; optional gain tilt/ripple may be applied.

® ROADM/WSS: Enforce add/drop and pass-through filter-
ing; track cumulative filter narrowing across nodes; and
apply to spectra.

® Receiver: Integrate total noise in the reference/matched

bandwidth and report OSNR/GSNR (and margins) per
channel.

The loop runs hop-by-hop for all spans/ILAs/ROADMs;
multi-channel WDM interactions are handled consistently when
computing GN contributions. The main outputs are: (i) OSNR
in a standard reference bandwidth (e.g., 0.1 nm), (ii) GSNR,
aggregating ASE and NLI in the receiver bandwidth, and
(iii) margins versus transceiver thresholds, optionally mapped
to outage. These enable the ranking of operating points and
early detection of QoT degradation as the physical parameters
drift.

B. Optical Amplifier Failures and Database Generation

Optical amplifiers are integral to enabling high-capacity,
long-haul optical communication systems by enhancing signal
strength directly in the optical domain, thereby eliminating the
need for Optical-Electrical-Optical (OEO) conversion. How-
ever, the reliability and performance of these amplifiers are
critical as any deterioration can have a direct impact on the
OSNR, ultimately compromising the overall QoT across the
network. Several degradation mechanisms and failure modes

Virtual topology in DT representing the experimental testbed for optical amplifier failure prediction.

can affect the operational efficiency of optical amplifiers, which
are discussed below [1]:

o Amplifier Gain Degradation: Over time, the amplification
capability of optical amplifiers can degrade due to vari-
ous physical and operational factors. A primary cause is
the gradual decline in the output of the pump lasers, a
result of component aging. Additionally, excessive input
power can lead to gain medium saturation, causing the
amplifier to no longer be able to maintain a linear gain
response. These conditions collectively reduce effective
amplification, leading to weak signal transmission over
long distances.

e [ncreased Noise Contribution: A significant challenge in
the operation of optical amplifiers is the accumulation of
optical noise, particularly noise originating from sponta-
neous emission processes. Over time, this noise, known as
ASE [27], can intensify due to several underlying causes.
These include thermal instability, deterioration or aging
of the pump laser source, and inefficiencies in the energy
transfer process within the gain medium. Additionally,
spectral drift or wavelength misalignment of the pump laser
can lead to suboptimal excitation of the active medium,
further exacerbating the noise output. As the level of noise
increases relative to the signal, the OSNR degrades, im-
pairing the clarity and reliability of the transmitted data
across the optical link.

e [rregular Output Signal Levels: Another common failure
scenario involves inconsistency in the output power of the
amplifier. Such anomalies manifesting as sudden power
surges or unexpected drops may stem from erratic pump
laser current levels or abrupt pump diode malfunctions.
These instabilities can disrupt the optical power budget,
impair the functioning of downstream network elements,
and lead to transient or persistent quality issues within the
transmission path.

The persistent occurrence of such impairments in optical
amplifiers can lead to severe system-level disruptions, po-
tentially causing service outages or significant degradation
in network performance. Given the critical role of ampli-
fiers in maintaining signal integrity and ensuring transmis-
sion quality over extended distances in an Optical Line Sys-
tem (OLS), it becomes imperative to adopt robust monitoring
frameworks. By enabling detailed modeling of physical-layer
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impairments and signal degradation across the network, the
GNPy-based DT framework facilitates a more accurate esti-
mation of system limitations and helps identify optimal design
configurations.

To construct the training dataset, GNPy was employed to per-
form a series of iterations in which the input network topology
and relevant operational parameters were systematically varied.
This methodology allowed the generation of diverse network
scenarios that covered a wide range of configurations and per-
formance conditions. By altering parameters such as amplifier
gain levels, transponder configurations, and fault conditions,
GNPy facilitated the emulation of a broad spectrum of network
behaviors and corresponding signal quality outcomes. Each iter-
ation yielded detailed QoT metrics, including GSNR and OSNR,
which were systematically incorporated into the training dataset.
To generate progressive, undetectable gain degradation with
power monitors, a case of soft-failure, a controlled reduction in
amplifier gain was introduced incrementally over time. For the
amplifier 4, gain at time ¢ be denoted by G;(t). The gain loss is
coupled with an output power hold via a Variable Optical Attenu-
ator (VOA) control logic in the DT, so that the span output power
remains nominal while QoT (OSNR/GSNR) silently degrades.
Initially, internal VOA attenuation of the amplifier ayoa,i(%)
is set to a high attenuation value ayoa ;(0); as the imposed
gain reduction AG;(t) = G, nominal — Gi(t) increases, for the
compensation of gain loss, the VOA attenuation is gradually
reduced :

avoa,i(t) = ayvoa,i(0) — AG;(t), (1
The ASE noise generated in amplifier ¢ at time ¢ is given by
Pasg,i(t) = 2ng(t) (Gi(t) — 1) hv Af, (2)

where nyp, ;(t) is the spontaneous emission factor, & is Planck’s
constant, v is the optical carrier frequency, G;(¢) is the gain in
linear scale and A f is the ASE bandwidth. After the VOA, the
output ASE power becomes

PasE,out,i(t) = Pasg,i(t) 107 von.i (/10 (3)

The open up of VOA (i.e, decrease in ayoa ;(t)) increases the
propagation of ASE noise. In addition to ASE, NLI accumulates
along the link. The total noise at the receiver is therefore

Proise(t) = PASE tota1 (t) + Prii(t), 4)
and the GSNR evolves as
P%i na
GSNR(t) = signal 5)

" Pasktotal(t) + Paui(t)’

The table I provides a detailed description of the fault levels,
categorizing them according to the extent of performance reduc-
tion observed in the amplifier. The soft-failures of the amplifier
were classified into three fault classes based on the extent of
gain reduction: deviations up to 2 dB were considered normal
(no fault), reductions between 2 and 3 dB were labeled as minor
faults, and any degradation exceeding 3 dB was classified as
a major fault. The fault thresholds were chosen to represent
soft failures up to 3 dB, following link budget engineering
practices in which each span includes over 3 dB of VOA applied

JOURNAL OF LIGHTWAVE TECHNOLOGY, VOL. 44, NO. 8, APRIL 15, 2026

TABLE I
AMPLIFIER FAULT LEVELS BASED ON GAIN DEGRADATION
Fault level | Gain degradation(dB) Severity
0 <2 No fault
1 2-3 Minor fault
2 >3 Major fault

attenuation during testing to guarantee operational margin [28].
To ensure continuity of service and accurately model soft-failure
scenarios, the extent of degradation is limited by the VOA com-
pensation range. For this reason, degradation in ILA6 and ILA7
is limited up to 3 dB. Surpassing this compensation threshold
would risk triggering a hard failure, thereby falling outside the
intended scope of soft-failure prediction and localization.

The effect of faults on transmission performance is evaluated
by monitoring the evolution of key signal parameters as degra-
dation progresses. To realistically emulate gradual deterioration
observed in operational networks, the gain reduction is applied in
randomly selected incremental steps, allowing for non-uniform
accumulation of impairment over time. This stochastic variation
in the size of the steps over different time intervals captures the
inherent variability present in live network conditions. This yield
amultivariate time-series dataset (GSNR, OSNR, effective gain,
etc.) for nominal and degraded states.

The resulting time-series dataset, used to train the ML model,
reflects temporal fluctuations in GSNR as a function of amplifier-
specific degradation. Each amplifier instance in the dataset is
characterized by unique gain and tilt profiles, enabling the model
to learn and generalize from a diverse range of degradation
patterns and signal quality impacts across different operating
conditions. This approach ensures a more comprehensive and
representative dataset for the training of ML models and over-
comes the limitation of obtaining a larger failure dataset from the
laboratory experimental test-beds. The dataset obtained provides
the basis for the training and evaluation of ML models aimed at
predicting optical amplifier failures. Leveraging the flexibility of
GNPy, diverse network conditions including various fault levels,
amplifier behaviors, and configuration settings, are modeled to
closely approximate real-world dynamics.

III. DEEP LEARNING ARCHITECTURES FOR AMPLIFIER FAULT
PREDICTION

The dataset generated through the DT in the GNPy framework
as elaborated in Section II provides a time-series record of
the transmission parameters under normal and different fault
conditions of the amplifiers. The fault levels were determined
on the basis of the degree of amplifier gain degradation, as
outlined in the previous section. The models are trained to
predict and localize soft-failures by identifying both the faulty
amplifier and the corresponding fault severity level. The pro-
posed models estimate the current fault state for instance fault
level 0, indicating no fault and can detect elevated fault levels
(level 1, 2) representing higher gain degradations, which serve
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as early indicators of an impending failure. Although the model
effectively characterizes fault conditions, it does not yet provide
absolute long term forecasting of when a failure will occur.
Each input data instance corresponds to a fixed-length telemetry
window containing multiple features such as GSNR, OSNR, and
amplifier gain. The objective is to learn a mapping

f:XeRFE & 4 e{0,1,2}, (6)

where X represents the input sequence of length L with feature
dimension F’, and y denotes the amplifier fault class. To address
this classification task, three deep learning architectures, Con-
volutional Neural Networks (CNN), Long Short-Term Memory
(LSTM) and Long- and Short-Term Time-Series Network (LST-
Net) are employed. All models receive the same feature streams
as inputs within each telemetry segment and output the predicted
fault class through a softmax layer. Each architecture employs
model and training hyperparameters tailored to its structural
characteristics for example, progressively decreasing recurrent
units in the LSTM, multi-stage convolutional filter banks in
the CNN, and a combined convolution-recurrent structure in
the LSTNet model. These configurations, which specify the
layer dimensions, kernel sizes, learning rate, batch size, dropout
rate, and the maximum number of training epochs (ranging
from 100 to 200 depending on the architecture), are kept fixed
across all experiments to ensure methodological consistency and
reproducibility while allowing each model to operate under an
appropriately tuned setup. Model training follows a standard-
ized procedure using the sparse categorical cross-entropy loss
function and the Adam optimizer, with the dataset partitioned
into 70% training, 10% validation, and 20% testing. To mitigate
overfitting, we have used early stopping with restoration of the
best validation weights, dropout regularization in all hidden
layers, and a learning rate scheduler that progressively reduces
the learning rate after a predefined epoch threshold.

A. Convolutional Neural Network (CNN)

Convolutional neural networks are designed to capture local
temporal dependencies in sequential data [29]. For an amplifier
telemetry window, a convolutional filter of size k slides along
the time axis to compute

k—1
ht=a<ZWi~Xt+i+b>, (7)

=0

where W; are learnable filter weights, b is a bias term, and o (-)
is a nonlinear activation function. This operation enables the
CNN to extract short-term patterns such as sudden fluctuations
in channel power or abrupt gain changes. Pooling layers further
condense the learned features, and dense layers project them into
the three defined fault categories. Owing to its parallel structure,
CNN provides low inference latency and is suitable for real-time
monitoring.

2969

B. Long Short-Term Memory (LSTM)

Long short-term memory networks extend recurrent neural
networks by introducing gated memory cells to capture long-
term dependencies. At each time step ¢, the hidden state i, and
cell state ¢; are updated according to

ft = o(Welhi—1, 2] + by), 3
iv = o (Wilhe_y, ] +b;), ©)
& = tanh(We[hy_1, 2] + be), (10)
ct=fi®ci1+1i OF, (11)
or = c(Wylhs_1, 2] + bo), hy =o0; ®tanh(c).  (12)

where f;, i¢, 0; denote the forget, input, and output gates, respec-
tively, and c¢; represents the memory cell state, following the
standard LSTM formulation. The equations have been further
restated and formalized in literature [30], [31], [32], where
their application to time-series modeling and fault prediction
is widely discussed. This makes the model effective for iden-
tifying gradual amplifier degradations and long-term variations
in telemetry sequences that span multiple time steps.

C. Long- and Short-Term Time-Series Network (LSTNet)

The long and short term time series network combines con-
volutional, recurrent, and linear components to jointly cap-
ture multiple temporal scales. The convolutional block extracts
short-term features, while the recurrent block, typically imple-
mented using Gated Recurrent Units (GRUs), models longer
dependencies. In addition, LSTNet includes a temporal highway
component that preserves linear trends through an autoregressive

mapping:

yt = WTthp:t + ba (13)

where X, _,,.; is the most recent input segment of length p, and §j;
represents the autoregressive output, following the formulation
of the LSTNet model [33]. This AR component has been widely
adopted in subsequent works as a temporal highway mechanism
to capture linear trends in multivariate time series [34]. This
hybrid design enables LSTNet to detect sudden anomalies, track
sequential dependencies, and capture slow, trend-like degra-
dations simultaneously. Such capability makes it particularly
suitable for amplifier telemetry, where faults may manifest as
either abrupt events or gradual drifts.

Together, these architectures provide complementary per-
spectives on amplifier telemetry, and their effectiveness in clas-
sifying the defined fault categories is quantitatively evaluated in
Section I'V.

IV. DEEP LEARNING MODELS: PERFORMANCE ANALYSIS

As outlined in the preceding section, this study employs three
distinct DL architectures, CNN, LSTM, and LSTNet to predict
faults in optical amplifiers. These models are trained to detect
and classify incoming faults by analyzing the gain characteris-
tics of the amplifiers over time. Specifically, the classification
is based on the level of gain degradation, which serves as a
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TABLE I
CLASSIFICATION PERFORMANCE METRICS USED FOR MODEL EVALUATION
Metric Definition
Accuracy %
Precision %
Recall (Sensitivity) TPLEN
Fi-Score 2. fogtimbel,

direct indicator of the operational health of the amplifier. To
enable fault categorization, gain degradation is segmented into
three distinct classes, as summarized in Table I. DL models are
trained using labeled datasets representing three fault levels,
with the objective of learning temporal and spectral features
relevant to fault prediction and classification. The CNN model is
utilized for its strength in extracting spatial or local features from
time-series representations of the signal. The LSTM network
is used to capture both short and long term temporal depen-
dencies in the sequential data, making it particularly suitable
for tracking gradual degradation patterns over time. LSTNet,
which combines convolutional layers with recurrent structures
and a temporal attention mechanism, is leveraged to integrate
both local and global temporal dynamics. By utilizing these
architectures, the study aims to achieve a robust and accurate
prediction of amplifier faults across a wide range of degradation
scenarios.

The classification performance of the DL models is assessed
using standard evaluation metrics such as accuracy, precision,
recall, and the F1-score. In classification problems, each predic-
tion falls into one of four categories: True Positives (TP), True
Negatives (TN), False Positives (FP), and False Negatives (FN).
These outcomes form the basis for computing the performance
metrics summarized in Table II.

Accuracy measures the overall proportion of correctly clas-
sified instances and serves as a general indicator of model per-
formance. Precision quantifies the proportion of correct positive
predictions, indicating how well the model avoids false alarms.
Recall, or sensitivity, measures the ability of the model to detect
actual positive cases, reflecting its effectiveness in capturing
faults. The F1-score, defined as the harmonic mean of precision
and recall, provides a balanced metric that accounts for both
types of misclassification and is particularly useful when the
costs of false positives and false negatives are significant.

A bar graph comparing the accuracy of CNN, LSTM, and
LSTNet models across the training, validation, and test sets is
presented in Fig. 4. The results highlight the strong performance
of all three models, with each achieving perfect accuracy (100%)
on the training set, indicating successful learning of the under-
lying patterns associated with amplifier gain degradation. In the
validation phase, the LSTM model continues to demonstrate su-
perior generalization with an accuracy of 99%, followed closely
by LSTNet at 97% and CNN at 96%. These results suggest that
the LSTM model is particularly effective in capturing temporal
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Model Accuracy Comparison

mm Train
s Vvalidation
mm Test

Accuracy (%)

LSTM LSTNet

Fig. 4. Bar graph displaying accuracy comparison of CNN, LSTM and LST-
Net models.

1.00

-0.94

Classes

Fig. 5. Heatmap displaying Precision, Recall and F1-Score across all Classes
predicted by the CNN model, illustrating class-wise classification performance.

dependencies in the data, which may contribute to its improved
performance. A similar trend is observed in the test set, where
the LSTM model again achieves the highest accuracy at 99%,
while LSTNet model improves to 98% and CNN model shows
consistent performance with 96%. This consistency across vali-
dation and test sets indicates that all models generalize well, with
the LSTM showing the most robust performance. In general,
comparative analysis shows the effectiveness of deep learning
approaches in accurately identifying patterns in the dataset for
failure prediction in optical amplifiers.

Figs. 5, 6, and 7 present heatmaps that illustrate key perfor-
mance metrics, precision, recall, and the F1 score for the CNN,
LSTM, and LSTNet models, respectively. These metrics are
used to evaluate the capability of the models in identifying faulty
amplifiers and the corresponding fault levels, as categorized
in Table I. Each class label is constructed by combining the
unique identifier of the amplifier and its associated fault level,
in the format ilax_y, where = denotes the amplifier number
and y represents the fault level. In the heatmaps, darker shades
correspond to higher metric values, indicating better model per-
formance. Across all three models, class-wise precision, recall,
and F1 scores consistently exceed 0.95 for most amplifier fault
combinations. To evaluate how well each model discriminates
between the various fault severity levels, we further describe
their classification performance. For severity level O (no fault
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Fig. 6. Heatmap displaying Precision, Recall and F1-Score across all Classes

predicted by the LSTM model, illustrating class-wise classification performance.

- 1.00
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0.97
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-0.95
0.94
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Metrics
Fig. 7. Heatmap displaying Precision, Recall and F1-Score across all classes

predicted by the LSTNet model, illustrating class-wise classification perfor-
mance.

condition), all models achieve strong results, though the CNN
shows a small deviation that remains within acceptable per-
formance levels (e.g., ilal_0O shows ~ 0.88 precision, ila4_0
achieves ~ 0.90 recall, and ilal_0 records =~ 0.91 F1 score).
In contrast, both LSTM and LSTNet remain highly stable,
frequently attaining values close to 1.00 across all metrics. This
consistency demonstrates their ability to reliably identify normal
amplifier states, thereby reducing the likelihood of false alarms.
Model performance becomes increasingly robust with higher
levels of impairment. For severity level 1 (minor faults), all three
architectures perform notably well. The CNN achieves precision
> 0.94, recall > 0.92, and F1 > 0.94. The LSTM maintains
similarly high performance, with precision and F1 > 0.95 and
recall > 0.94. LSTNet continues to excel, reporting precision
> 0.95, recall > 0.94, and F1 > 0.96. These results illustrate
that all the models particularly LSTM and LSTNet are highly
capable of identifying subtle fault signatures. At severity level 2
(major faults), all models reach near perfect performance, with
precision, recall, and F1 scores approaching 1.00. This indicates
that all the models are performing strongly for the major fault
which is very important. Fig. 8 depicts the combined average
performance score computed from precision, recall, and F1 score
for all models across different fault severity levels. Overall,
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Fig.9. ROC Curves illustrating the trade-off between True Positive and False

Positive rates, and AUC metrics providing a quantitative measure of overall
model performance across CNN, LSTM and LSTNet models.

the comparison across severity levels shows that although all
models demonstrate strong performance, LSTM and LSTNet
consistently deliver the most robust and reliable results. Their
superior handling of both minor and major faults underscores
the advantages of temporal sequence modeling over purely
convolutional approaches for accurately distinguishing amplifier
fault severity.

Following the comparison of standard performance metrics,
the Receiver Operating Characteristic (ROC) curve shown in
Fig.9. The ROC curve plots the True Positive Rate (TPR) against
the False Positive Rate (FPR) at various classification thresholds,
effectively illustrating the trade-off between correctly identi-
fying faults and incorrectly flagging normal instances. These
thresholds refer to the cutoff values used to convert the predicted
probabilities of the model into class labels. By systematically
varying the threshold from 0 to 1, the ROC curve captures how
the performance of the model changes, revealing how more or
fewer instances are classified as positive. A model that makes
random predictions would trace a diagonal line (shown as a
dotted line) from the bottom left corner to the top right corner of
the plot, yielding an Area Under the Curve (AUC) of 0.5. The
AUC metric, which represents the integral of the ROC curve,
quantifies the ability of the model to rank positive instances
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m—— Accuracy = Tirain

== F1 Score = Tinf

1.0

Fig. 10. Radar plot visualizing accuracy, F1 score, training time, T{,in and
inference time Tjyf to provide a multidimensional comparison of model perfor-
mance across CNN, LSTM and LSTNet models.

higher than negative ones. An AUC of 1.0 indicates perfect
separability, whereas an AUC of 0.5 implies no discriminative
power. In this study, the LSTM and LSTNet models achieved an
ideal AUC of 1.0, demonstrating a flawless distinction between
faulty and normal amplifier behaviors across all thresholds. The
CNN model followed closely with an AUC of 0.998, indicating
high classification performance, although slightly less robust
than the recurrent models.

To gain a more comprehensive understanding of the over-
all effectiveness of the models, it is essential to visualize the
trade-offs between the predictive performance metrics discussed
above and the computational efficiency. Although these metrics
capture how well a model distinguishes between classes, they
do not reflect the time and resources required to train and
deploy the model. In real-world applications, especially those
involving large-scale deployments or resource-limited environ-
ments, factors like training time and inference speed become
an equally important consideration. To capture this balance, a
radar plot is shown in Fig. 10 to compare each model across
four axes: accuracy, F1 score, training time and inference time.
This allows for a multifaceted performance evaluation across
accuracy, generalization, and computational cost.

The training time is quantified using a normalized metric
based on the observed range of training times across all models.
The training time, Tiqin, 1S normalized as:

T o Lirain
train —
tmax

(14)

where:
® {ain 1S the training time of a given model,
® {max 1S the maximum training time observed across all
models.
Similarly, inference time, 7j, is normalized to evaluate the
prediction speed of the model. A lower inference time implies
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better efficiency. The metric is normalized as:

tinfer

Ting = 5)

tmax
where:

® tfinfer 1S the average inference time per sample for a given

model,

® {..ax 1S the maximum inference time observed across all

models.

Both T} and Tiy¢ range from O to 1, where O indicates the
most efficient model and 1 indicates the least efficient among
the compared models. Intermediate values are linearly scaled
based on their relative position in the range. As observed in
the radar plot, the CNN model achieved the best i, and Tiy¢
score of 0.26 and 0.23 respectively, followed by LSTNet with
scores of 0.29 and 0.33 for T, and Tiy¢ respectively, while
LSTM scored 1 for both due to its relatively longer training
and inference duration. However, the LSTM model exhibits the
highest classification performance with 99% accuracy and an
F1 score of 0.98, closely followed by the LSTNet model at 98%
accuracy and F1 score of 0.98. The CNN model, while slightly
less accurate (96% accuracy, 0.96 F1 score), trained significantly
faster and provided inference with far fewer computational
demands.

This comparative analysis highlights the distinct strengths of
each model. The LSTNet model achieves a balanced trade-off
among accuracy, generalization, and computational efficiency,
making it a practical choice for network operators with con-
strained resources while maintaining performance requirements.
The LSTM model delivers the highest prediction accuracy,
making it ideal for scenarios where precision is paramount
and computational resources are not a limiting factor. In con-
trast, despite its slightly lower predictive accuracy, the CNN
model exhibiting the highest computational efficiency among
the evaluated models remains suitable for scenarios requiring
rapid training and lightweight deployment, such as localized
ML implementations on controller cards in the chassis hosting
amplifier devices, in lieu of centralized server-based systems. By
integrating training efficiency into the performance evaluation,
this analysis provides a more realistic foundation for selecting
models based on deployment requirements. However in this
work, we employ majority vote-based decision mechanism,
since high prediction accuracy is fundamental to the reliable
deployment of ML models for failure management especially in
low power margin optical networks provided the availability of
computational resources.

V. CONCLUSIONS AND FUTURE WORK

This study presents an integrated and scalable framework for
predictive maintenance in optical networks, which combines
DTs with the predictive capabilities of DL. models. Using GNPy,
an open-source framework, a DT was developed to emulate be-
havior of the amplifier under both normal and faulty conditions.
This enabled the generation of synthetic datasets that capture
QoT degradation and amplifier failure patterns, which were then
used to train CNN, LSTM, and LSTNet models for fault predic-
tion. DL models predict the degradation of individual amplifiers
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by classifying the amplifier states into three fault levels, normal,
minor, and major, allowing for precise localization of amplifier
soft-failures in optical networks. In addition, repeated prediction
of a major fault in a specific amplifier can act as an early
warning signal for a potential hard failure. Each model demon-
strates distinct strengths in terms of accuracy, generalization, and
computational efficiency. The output of these individual models
facilitates a majority voting mechanism, improving the overall
reliability and robustness of the fault predictions provided to
network operators. In general, the proposed DT-DL framework
enables proactive fault management by supporting early failure
detection and prediction, thereby minimizing network downtime
and enhancing the resilience and operational intelligence of
optical networks. Future work can be extended to additional
network topologies such as mesh networks and with varying
channel occupancies. This will enable deploying the proposed
framework in a live network monitoring environment.
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