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ABSTRACT
Predictive maintenance represents a critical advancement in rotorcraft fleet management, offering substantial improve-
ments in operational availability while reducing unscheduled downtime costs. This paper presents two complementary
data-driven approaches utilizing machine learning algorithms for enhanced rotorcraft component monitoring. The first
methodology addresses transmission system health monitoring through an unsupervised Principal Component Anal-
ysis algorithm that consolidates approximately one thousand health indices from accelerometer data into a single
normalized health score. This approach successfully detected transmission failures an average of twenty-four flight
hours in advance across a fleet of approximately seven hundred aircraft, achieving false positive rates below one per
ten flight hours and false negative rates below one per sixty flight hours based on millions of flight hours of operational
data. The second methodology employs virtual sensor technology combined with machine learning models to predict
wear indices and remaining useful life for rotor components that cannot be directly instrumented during service opera-
tions. Gradient boosting and convolutional neural network approaches were implemented using flight data and inferred
virtual sensor measurements to estimate component degradation. Both methodologies demonstrate fleet-wide applica-
bility, providing maintenance organizations with actionable insights for proactive component replacement scheduling
and logistics optimization.

NOTATION

*

Symbols

HS Health Score

RUL Remaining Useful Life, hours

DI Damage Index

T IS Time in Service, hours

FH Flight Hours

FPR False Positive Rate
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*
Acronyms

ERF European Rotorcraft Forum

HUMS Health and Usage Monitoring System

PCA Principal Component Analysis

CNN Convolutional Neural Network

LSTM Long Short-Term Memory

HPC High Performance Computing

VSDE Virtual Sensor Development Environment

MGB Main Gear Box

SME Subject Matter Expert

ML Machine Learning

AI Artificial Intelligence

EASA European Union Aviation Safety Agency

FAA Federal Aviation Administration
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INTRODUCTION

Modern rotorcraft operations face increasing pressure to max-
imize availability while maintaining strict safety standards
and controlling operational costs. The complexity of heli-
copter systems, combined with stringent regulatory require-
ments established by authorities such as EASA and FAA, ne-
cessitates sophisticated maintenance strategies that balance
safety, efficiency, and economic viability. Traditional main-
tenance approaches, which rely primarily on scheduled in-
tervals and manual inspections, often result in conservative
component replacement practices that may not reflect actual
component health or operational requirements. The evolution
from traditional scheduled maintenance to condition-based
approaches has been extensively documented, with prognos-
tic enhancements to diagnostic systems showing substantial
improvements in maintenance effectiveness (Ref. 1).

The transmission gearbox represents one of the most critical
subsystems in rotorcraft operations, serving as the primary
mechanism for mechanical torque delivery from the engine
to the rotor system. Component defects within the transmis-
sion, including cracks and pitting damage, present significant
challenges for early detection through conventional monitor-
ing techniques (Ref. 2). When transmission failures occur,
the consequences extend beyond immediate safety concerns
to encompass substantial operational disruptions, including
aircraft grounding, complex logistical coordination for re-
placement component delivery, and extended downtime pe-
riods that directly impact customer operations and business
continuity. Recent research has demonstrated the potential
for predictive maintenance approaches specifically applied
to helicopter main gearboxes using operational data, show-
ing promising results for condition-based maintenance strate-
gies (Ref. 3).

Current Health and Usage Monitoring Systems, while pro-
viding valuable diagnostic capabilities through accelerometer-
based vibration analysis, face inherent limitations in their
implementation and interpretation. These systems generate
hundreds of health indices from strategically positioned sen-
sors throughout the transmission gearbox, creating a complex
monitoring environment where determining reliable thresh-
old values becomes challenging. Expert-defined limits fre-
quently result in either false positive alerts that trigger un-
necessary maintenance actions or false negative conditions
where actual developing failures remain undetected. Further-
more, the natural variability between individual aircraft neces-
sitates customized threshold settings, complicating fleet-wide
monitoring strategies and reducing operational efficiency. Re-
cent advances in HUMS-based proactive analysis for predic-
tive maintenance have highlighted both the potential and chal-
lenges of current monitoring approaches (Ref. 4).

Rotor system components present an entirely different set
of monitoring challenges that conventional sensor-based ap-
proaches cannot adequately address. Components such as
damper links operate within the rotating reference frame of
the rotor system, where direct instrumentation faces signifi-
cant practical obstacles. The installation of physical sensors

on rotor components requires sophisticated data transmission
systems, such as slip rings, which are both expensive and
prone to failure after limited operational exposure. Addition-
ally, sensors mounted on rotating components must withstand
harsh environmental conditions including extreme tempera-
ture variations, sand and dust exposure, high-speed airflow,
and substantial gravitational forces, making them inherently
unreliable and costly to maintain. These factors have led man-
ufacturers to avoid instrumenting customer aircraft rotors, cre-
ating a significant gap in component health monitoring capa-
bilities.

The economic implications of unscheduled maintenance
events create substantial operational pressures for helicopter
operators. Beyond the direct costs associated with compo-
nent replacement and maintenance labor, unscheduled main-
tenance triggers complex logistical challenges including ex-
pedited component procurement, coordination of specialized
technical support, and aircraft downtime that directly reduces
operational revenue. These factors underscore the critical
need for predictive maintenance approaches that enable proac-
tive component management and logistics planning.

Contemporary advances in data science and machine learn-
ing technologies offer unprecedented opportunities to trans-
form rotorcraft maintenance practices. The availability of
comprehensive flight data repositories, combined with so-
phisticated analytical capabilities, enables the development
of predictive models that can assess component health and
predict failure modes with greater accuracy than traditional
approaches. This technological evolution supports the tran-
sition from time-based maintenance schedules to condition-
based maintenance strategies, where component replacement
decisions are guided by actual component health assessments
rather than conservative time intervals.

This research presents a comprehensive dual-methodology
approach to rotorcraft predictive maintenance that addresses
the distinct challenges of transmission systems and rotor com-
ponents through complementary technological solutions. The
first methodology employs unsupervised machine learning
techniques to consolidate multiple transmission health indi-
cators into a unified health score, enabling early detection
of developing failures through anomaly detection algorithms.
This approach leverages PCA to reduce the dimensionality of
complex vibration signature data while maintaining the ability
to identify subtle changes that indicate impending component
failures.

The second methodology introduces virtual sensor technol-
ogy to overcome the instrumentation limitations inherent in
rotor component monitoring (Ref. 5). Virtual sensors em-
ploy sophisticated software-based models that estimate phys-
ical quantities without requiring direct measurement, utiliz-
ing available flight parameters and deep learning algorithms
to reconstruct load and stress patterns experienced by rotor
components. This approach enables the calculation of damage
indices and remaining useful life predictions for components
that cannot be practically instrumented in operational aircraft.

The integration of these methodologies provides comprehen-
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sive fleet health monitoring coverage that addresses the full
spectrum of rotorcraft maintenance challenges. The trans-
mission health monitoring system enables early detection of
developing failures with sufficient advance warning to facili-
tate proactive maintenance planning, while the virtual sensor
approach provides unprecedented insight into rotor compo-
nent loading patterns and wear progression under actual oper-
ational conditions.

This paper demonstrates the practical implementation and val-
idation of both methodologies using extensive operational
data, where for the transmission model data from a fleet of
approximately seven hundreds aircraft operating over multi-
ple years of service were used, encompassing millions flight
hours. The validation process includes both technical per-
formance assessment through comparison with actual failure
events and practical utility evaluation through integration with
operational maintenance workflows. The results demonstrate
the potential for significant improvements in maintenance ef-
ficiency, component utilization optimization, and operational
availability while maintaining the highest safety standards re-
quired for commercial rotorcraft operations.

The research contributes to the advancement of predictive
maintenance practices in the aviation industry by providing
validated methodologies that bridge the gap between theoreti-
cal machine learning capabilities and practical operational im-
plementation. The dual approach recognizes that different air-
craft systems require tailored monitoring strategies while pro-
viding a comprehensive framework for fleet-wide health man-
agement that can be adapted to diverse operational require-
ments and regulatory environments.

BACKGROUND AND RELATED WORK

Evolution of Rotorcraft Health Monitoring Systems

The development of helicopter health monitoring systems has
evolved significantly since the initial introduction of Health
and Usage Monitoring Systems (HUMS) in the 1980s. Early
research by NASA and military organizations established the
foundational principles of vibration-based health monitoring
for rotorcraft applications (Ref. 6). NASA technical papers
have documented the challenges inherent in helicopter trans-
mission gear health detection, acknowledging persistent is-
sues including limited fault data availability, dependence on
expert analysis, and undefined diagnostic thresholds. Despite
these challenges, systems such as the Goodrich IMD HUMS,
initially developed for U.S. Navy helicopters including H-60
and H-53 platforms, demonstrated promising success rates of
approximately 70% in defect detection.

The Federal Aviation Administration has conducted exten-
sive literature surveys encompassing over 100 research pa-
pers on rotorcraft HUMS, emphasizing the integration of ar-
tificial intelligence and expert systems to enhance the accu-
racy of vibration-based health diagnostics. These studies con-
sistently highlight the primary objectives of reducing main-
tenance costs and improving flight availability through more
sophisticated monitoring approaches. The ADHER Project

(Automated Diagnosis for Helicopter Engines and Rotating
Parts), a major European research initiative, represented a
significant advancement by targeting fleet-scale health mon-
itoring using multi-sensor data and automated analysis tech-
niques. This project developed innovative theoretical vibra-
tion and acoustic models for gearbox aging and failure pro-
gression, alongside auto-adaptive algorithms for anticipative
health diagnosis based on operational flight data.

Advanced signal processing techniques have emerged as crit-
ical enablers for vibration-based damage detection in heli-
copter components (Ref. 2). Research institutions, including
the University of South Carolina, have highlighted key algo-
rithms such as Wavelet Transform, Wigner-Ville distribution,
cepstrum and kurtosis analysis, and neural networks for early
detection of incipient damage. These techniques address the
fundamental challenge of distinguishing damage signals from
operational noise while supporting the transition from rigid
scheduled maintenance to condition-based approaches.

Recent studies have demonstrated the application of vibra-
tion sensors combined with machine learning for specific di-
agnostic challenges, such as bolt loosening in dynamic as-
semblies. Using unsupervised anomaly detection and har-
monic filtering on HUMS data from platforms like the AH-64
Apache, researchers have achieved successful early detection
of faults that are otherwise difficult to identify due to inter-
ference from strong vibration sources (Ref. 7). Additionally,
structural health monitoring techniques for helicopter com-
posite components have incorporated vibration-based modal
analysis and embedded sensor technology to monitor load and
damage evolution during flight operations.

Current Industry Standards and Commercial Systems

Contemporary industry standards for helicopter transmission
monitoring have advanced substantially beyond basic HUMS
implementations. Comprehensive monitoring approaches that
integrate multiple diagnostic capabilities have shown signifi-
cant promise for enhancing maintenance effectiveness and re-
ducing operational costs (Ref. 8).

Real-time data transmission capabilities represent a signifi-
cant advancement in operational monitoring. Helicopters such
as the Leonardo AW189 are equipped with systems that trans-
mit health and usage data directly from airborne aircraft to
ground stations during flight operations. This capability en-
hances continuous monitoring and enables operators to de-
tect anomalies with improved temporal resolution, thereby en-
hancing operational safety margins.

Regulatory and industry trends have increasingly mandated
the adoption of advanced monitoring systems. Contracting
authorities, including the U.S. Forest Service and the Interna-
tional Association of Oil & Gas Producers, now require opera-
tors to implement systems incorporating telemetry, flight data
monitoring, and real-time communications integrated with
HUMS capabilities. Regulatory bodies including the FAA
and EASA have established airworthiness directives reinforc-
ing the use of HUMS and vibration monitoring as standard
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components of recurring maintenance checks for transmission
systems.

Emerging commercial offerings focus on health score consol-
idation and automated diagnostics through the integration of
multi-sensor data streams into unified health scores or diag-
nostic indices for critical helicopter components. These sys-
tems employ multi-dimensional analytics, machine learning
algorithms, and contextual flight usage data to reduce false
alarms and diagnostic ambiguity. However, despite these
advancements, current commercial systems continue to face
challenges in consolidating multiple health indicators into ac-
tionable maintenance decisions while maintaining acceptable
false positive and false negative rates across diverse opera-
tional conditions.

Virtual Sensor Technology in Aerospace Applications

Virtual sensor technology represents an emerging paradigm in
aerospace health monitoring, offering solutions to fundamen-
tal instrumentation limitations encountered in operational air-
craft systems. A virtual sensor is defined as a software-based
model that estimates or infers physical quantities without di-
rect measurement, utilizing data from available sensors com-
bined with sophisticated algorithms to predict desired signals.
This approach addresses critical challenges in rotorcraft mon-
itoring where direct instrumentation is impractical due to cost,
reliability, or accessibility constraints.

Within the aerospace industry, Leonardo has emerged as
a leading developer of virtual sensor technology for rotor-
craft applications, demonstrating capabilities for reconstruct-
ing rotor load signals and component behavior patterns us-
ing flight data and machine learning algorithms (Ref. 5). The
company’s Virtual Sensor Development Environment (VSDE)
provides a comprehensive framework for creating, validating,
and deploying virtual sensors across multiple helicopter sys-
tems and component types.

Airbus has also contributed to virtual sensor research through
publications such as “Development of virtual sensors to es-
timate critical aircraft flight parameters,” indicating industry-
wide recognition of the technology’s potential for enhancing
aircraft monitoring capabilities. However, virtual sensor ap-
plications specific to rotorcraft remain relatively limited com-
pared to other aerospace domains, suggesting significant op-
portunities for advancement and implementation.

Virtual sensor technology relates closely to digital twin con-
cepts and model-based prognostics research, serving as a key
component for data quality enhancement and operational in-
sight generation. Within Leonardo’s digital twin framework,
virtual sensors enable deep investigation of product design
performance and real-world usage patterns through customer
data analysis, supporting improved product development and
maintenance strategies.

Machine Learning Applications in Rotorcraft Health
Monitoring

The application of machine learning techniques to helicopter
load prediction and component wear estimation has gained
significant attention in recent research. Studies have demon-
strated the effectiveness of neural networks in predicting he-
licopter rotor loads, with applications to tiltrotor aircraft us-
ing harmonic decomposition techniques. Feed-forward neu-
ral networks, when trained on decomposed harmonic compo-
nents, have shown capability in accurately predicting beam
bending, chord bending, and pitch link loads across various
flight conditions.

Advanced machine learning approaches, including adaptive
channel weighted CNN methods with multisensor fusion,
have demonstrated significant effectiveness for helicopter
transmission system condition monitoring (Ref. 9). These ap-
proaches address the challenge of processing complex, multi-
dimensional sensor data while maintaining diagnostic accu-
racy across diverse operational conditions. Principal Compo-
nent Analysis combined with Support Vector Machine tech-
niques has proven particularly effective for bearing fault de-
tection under varying operational conditions, demonstrating
the potential for unsupervised learning approaches in rotor-
craft health monitoring (Ref. 10).

The utilization of Harmonic Time History methodology,
which decomposes signals into frequency domain representa-
tions, has enabled the circumvention of more complex archi-
tectures such as Recurrent Neural Networks, LSTM networks,
and Time Delay Neural Networks for time series prediction
applications. This approach leverages the inherently periodic
nature of rotor systems to simplify model architecture while
maintaining prediction accuracy.

Despite these advancements, machine learning applications
in rotorcraft health monitoring face several limitations. Re-
search has primarily focused on main rotor load predictions,
with limited extension to other critical systems including tail
rotors, transmissions, and non-load related parameters. Ad-
ditionally, most studies have concentrated on demonstrating
technical feasibility rather than addressing the standardization
and accessibility requirements necessary for widespread in-
dustrial adoption.

Gaps in Current Approaches and Research Opportunities

Current commercial and research approaches to rotorcraft
health monitoring exhibit several significant limitations that
create opportunities for advancement. Traditional HUMS sys-
tems, while providing valuable diagnostic capabilities, con-
tinue to rely on expert-defined threshold values that frequently
result in either false positive alerts or missed detection of de-
veloping failures. The complexity of managing hundreds of
health indices from transmission monitoring systems creates
operational challenges for maintenance personnel and reduces
system effectiveness.
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For rotor component monitoring, alternative approaches that
do not require direct instrumentation remain limited to man-
ual inspections and scheduled maintenance practices. This
constraint forces operators to rely on conservative time-
based maintenance schedules rather than condition-based ap-
proaches, resulting in premature component replacement and
unnecessary operational downtime, particularly during the
early operational life of components.

The integration of multiple monitoring approaches into com-
prehensive fleet health management systems remains an area
requiring significant development. Current systems typically
address individual components or subsystems without provid-
ing unified assessment capabilities that can optimize mainte-
nance decisions across entire aircraft or fleet operations.

Regulatory and certification frameworks for machine
learning-based maintenance systems remain underdeveloped,
creating uncertainty regarding the acceptance and imple-
mentation of advanced predictive maintenance technologies.
This regulatory gap represents both a challenge and an
opportunity for developing standardized approaches that can
gain acceptance from aviation authorities while providing
demonstrated safety and operational benefits.

The research presented in this paper addresses these identified
gaps through the development of complementary methodolo-
gies that provide comprehensive coverage of both transmis-
sion and rotor component health monitoring. The integra-
tion of unsupervised machine learning for transmission health
assessment with virtual sensor technology for rotor compo-
nent monitoring offers a unified approach to predictive main-
tenance that addresses the limitations of current approaches
while providing validated performance improvements under
operational conditions.

METHODOLOGY OVERVIEW

Dual Approach Rationale and Complementary Nature

This research presents a comprehensive dual-methodology
approach to rotorcraft predictive maintenance that addresses
the distinct monitoring challenges inherent in different air-
craft subsystems. The fundamental recognition driving this
approach is that transmission systems and rotor components
present fundamentally different monitoring requirements that
cannot be effectively addressed through a single technologi-
cal solution. Transmission systems, with their fixed reference
frame and accessible mounting locations, enable the deploy-
ment of traditional vibration-based monitoring approaches,
while rotor components operating within the rotating refer-
ence frame require innovative virtual sensing technologies to
overcome instrumentation limitations.

The two methodologies operate as parallel services designed
to provide comprehensive fleet health monitoring coverage
across the complete spectrum of critical rotorcraft compo-
nents. The transmission health monitoring methodology em-
ploys unsupervised machine learning to consolidate multiple

health indicators into unified health scores, enabling early de-
tection of developing failures through anomaly detection algo-
rithms. Simultaneously, the rotor component predictive main-
tenance methodology utilizes virtual sensor technology com-
bined with machine learning models to estimate damage accu-
mulation and remaining useful life for components that cannot
be directly instrumented during operational service.

While these methodologies function as independent parallel
systems, they are designed within a common data architec-
ture framework that enables potential data sharing and cross-
system insights. The shared infrastructure approach provides
flexibility for future integration enhancements while main-
taining the distinct analytical approaches required for each
component domain. Both methodologies contribute essential
information for comprehensive fleet health assessment, recog-
nizing that effective rotorcraft maintenance requires monitor-
ing capabilities across all critical subsystems to ensure opera-
tional safety and availability.

Data Architecture and Infrastructure Framework

The dual methodology approach is supported by a unified data
architecture framework that leverages Leonardo’s HPC infras-
tructure, specifically the “davinci-1” HPC system and its as-
sociated data lake capabilities. This centralized approach pro-
vides the computational power and data management capa-
bilities necessary to support both complex machine learning
model training and real-time inference operations across large
fleet deployments.

Both methodologies utilize data from the same comprehen-
sive data lake, which aggregates flight operations data, sensor
measurements, maintenance records, and operational param-
eters from the entire monitored fleet. The data collection pro-
cess operates on a per-flight basis, ensuring that both systems
have access to complete operational information for each air-
craft mission. This shared data foundation enables consistent
data quality standards, unified preprocessing approaches, and
coordinated validation procedures across both methodological
streams.

While both systems draw from the common data lake,
each methodology implements specialized data processing
pipelines that refine and filter the available information ac-
cording to the specific requirements of their analytical ap-
proaches. The transmission health monitoring system focuses
on vibration signature data and related operational param-
eters, while the rotor component methodology emphasizes
flight envelope data and loading condition information nec-
essary for virtual sensor operation. This approach maximizes
data utilization efficiency while maintaining the specialized
processing requirements of each monitoring domain.

The rotor component predictive maintenance methodology
specifically leverages the VSDE described in the compan-
ion research, utilizing its Extract, Transform, Load (ETL)
pipeline capabilities and model training infrastructure. This
integration demonstrates the practical application of the vir-
tual sensor framework within the broader predictive main-
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tenance ecosystem, providing a validated pathway for de-
ploying virtual sensor technology in operational fleet environ-
ments.

Fleet Characteristics and Operational Context

The validation and development of both methodologies has
been conducted using extensive operational data from a large-
scale fleet deployment. This substantial dataset provides the
foundation for robust model training, comprehensive valida-
tion procedures, and demonstration of real-world applicability
across diverse operational conditions.

The fleet-scale validation approach enables assessment of
both methodologies across the complete spectrum of rotor-
craft operational environments, including variations in mis-
sion profiles, environmental conditions, pilot techniques, and
maintenance practices. This diversity is essential for devel-
oping predictive models that maintain accuracy and reliability
when deployed across different operational contexts and cus-
tomer requirements.

Both methodologies are designed to accommodate different
helicopter configurations and variants through adaptive model
training approaches. For new helicopter types, dedicated
models are trained to address the specific characteristics and
operational patterns of each aircraft variant. Additionally, the
framework supports fine-tuning capabilities for specific cus-
tomer requirements, enabling customization of the predictive
models to reflect unique operational profiles or maintenance
priorities while maintaining the core analytical capabilities of
each methodology.

The per-flight data collection approach ensures that both sys-
tems have access to complete mission information, enabling
correlation of component health trends with specific opera-
tional events, environmental conditions, and usage patterns.
This granular data availability supports both the development
of accurate predictive models and the operational interpreta-
tion of health assessments in the context of specific flight op-
erations.

Quality Assurance and Validation Approach

The validation framework for both methodologies employs a
comprehensive dual-pronged approach that combines statis-
tical performance assessment with expert technical analysis.
This methodology ensures that the predictive models not only
demonstrate statistical accuracy but also provide operationally
meaningful insights that align with engineering understanding
of component behavior and failure mechanisms.

The statistical validation component focuses on quantitative
performance metrics including prediction accuracy, false pos-
itive and false negative rates, and temporal prediction capa-
bilities. For the transmission health monitoring system, this
includes assessment of health score accuracy in predicting ac-
tual failure events and the temporal advance warning provided
before component replacement becomes necessary. For the

rotor component methodology, statistical validation empha-
sizes the accuracy of damage index calculations and remain-
ing useful life predictions compared to actual component re-
moval data.

The technical validation component involves detailed analysis
of model predictions in collaboration with SME who provide
engineering insight into the physical mechanisms underlying
the predictive assessments. This approach ensures that the
machine learning models capture genuine engineering rela-
tionships rather than spurious correlations, and that the pre-
dictions align with established understanding of component
degradation processes and failure modes.

For the rotor component methodology specifically, the tech-
nical validation process includes flight-by-flight analysis of
damage accumulation patterns, enabling correlation of pre-
dicted damage increases with specific maneuvers, environ-
mental conditions, or operational events. This detailed anal-
ysis serves both as validation of the virtual sensor approach
and as an opportunity to gain insights into actual customer
operational patterns and their impact on component wear pro-
gression.

The validation approach recognizes the challenge posed by
limited failure event data, particularly for the transmission
monitoring system where only eighteen documented failure
events were available for analysis. This constraint necessi-
tated the development of unsupervised learning approaches
that can establish normal operational patterns without requir-
ing extensive failure data for training, while still providing
meaningful validation against the available failure events.

Implementation Considerations and Future Development

The current implementation of both methodologies represents
the foundation for comprehensive predictive maintenance ser-
vices that address the full spectrum of rotorcraft health mon-
itoring requirements. While the methodologies operate as
independent systems with distinct analytical approaches, the
shared infrastructure framework provides the foundation for
future integration enhancements and cross-system optimiza-
tion capabilities.

The computational and infrastructure requirements for both
methodologies are met through the “davinci-1” HPC system,
which provides the processing power necessary for complex
machine learning model training, real-time inference opera-
tions, and large-scale data analysis across the entire monitored
fleet. This centralized approach ensures consistent computa-
tional performance and enables efficient resource utilization
across both methodological streams.

Future development directions include the exploration of inte-
gration opportunities between the two methodologies, poten-
tially enabling cross-system insights and coordinated main-
tenance recommendations. The shared data architecture pro-
vides the foundation for such integration while maintaining
the specialized analytical approaches required for each com-
ponent domain.
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The framework is designed to support expansion to additional
aircraft types and operational environments through the adap-
tive model training approaches implemented in both method-
ologies. This scalability ensures that the predictive mainte-
nance capabilities can grow with customer fleet requirements
while maintaining the validated performance characteristics
demonstrated through the extensive fleet-scale validation pro-
cess.

The dual methodology approach represents a comprehensive
solution to the complex challenges of rotorcraft predictive
maintenance, providing validated capabilities for both trans-
mission and rotor component health monitoring through com-
plementary technological approaches integrated within a uni-
fied operational framework.

TRANSMISSION HEALTH MONITORING
METHODOLOGY

System Architecture and Data Sources

The transmission gearbox represents a critical component of
the rotorcraft system with significant operational implications.
As a complex and costly mechanical device, gearbox failure
can result in aircraft grounding with substantial operational
and economic consequences. When malfunctions occur, con-
siderable time is required to diagnose the failure source and
replace affected components. Additionally, procurement and
delivery of individual parts or complete MGB assemblies may
require several days, further complicating maintenance oper-
ations. These factors underscore the MGB’s critical impor-
tance in maintenance and logistical planning, where early de-
tection of potential failures several flight hours in advance can
facilitate prompt logistical responses and significantly reduce
operational downtime (Ref. 8).

The MGB monitoring system utilizes an array of strategi-
cally positioned accelerometers within the gearbox housing
to monitor component vibrations during rotorcraft operations.
The sensor configuration includes both monoaxial and mul-
tiaxial accelerometers, enabling detection of vibrational sig-
natures along three orthogonal axes. Each sensor is associ-
ated with specific components or component groups within
the transmission system. The monitoring architecture em-
ploys unique acquisition identifiers to establish precise link-
ages between accelerometer signals and particular mechani-
cal elements, including bearings, pumps, and gear assemblies.
The current implementation incorporates 187 distinct acquisi-
tion IDs, with corresponding signals processed through estab-
lished HUMS procedures to derive approximately 1000 health
indices that characterize various aspects of transmission me-
chanical condition (Ref. 2).

The monitoring system is further enhanced through the in-
tegration of three chip detectors installed within the gear-
box housing in direct contact with the lubrication oil sys-
tem. These detectors provide complementary diagnostic ca-
pability by identifying anomalous metallic debris that may in-
dicate developing component degradation or failure mecha-

nisms, particularly crack propagation in critical transmission
components.

Machine Learning Algorithm Development

Failure Events Collection and Validation The develop-
ment of the anomaly detection algorithm was constrained by
the limited availability of documented failure events from op-
erational fleet data. Utilizing field reports from chip detectors
and MGB failure notifications provided by operators, a dataset
comprising few documented failure events was compiled for
algorithm development and validation. This limited failure
event dataset served as the primary justification for adopting
an unsupervised anomaly detection approach, as traditional
supervised learning algorithms could not be effectively im-
plemented given the insufficient number of labeled failure ex-
amples.

Data Collection and Preprocessing The data acquisition
framework employs a dedicated ingestion pipeline that per-
forms daily storage of signal data from the rotorcraft fleet into
a proprietary data lake infrastructure. Initial data validation
procedures are implemented to identify and remove anoma-
lous acquisitions before downstream processing. The selected
storage architecture was specifically chosen for its capabil-
ity to handle large-scale data volumes, with individual tables
reaching capacities of up to 10 billion rows.
The data architecture utilizes a structured approach where
each operational event is stored with associated metadata in-
cluding timestamp information, cumulative flight hour val-
ues, and flight regime classifications. This event-level data is
subsequently merged with dedicated tables containing health
indices and operational parameters, resulting in a compre-
hensive dataset incorporating approximately 1500 input pa-
rameters. Feature selection procedures, implemented through
correlation analysis with SME guidance, enable identifica-
tion and removal of parameters irrelevant to transmission
health assessment. Signal conditioning procedures include
outlier removal using established threshold-based filtering ap-
proaches (Ref. 2).
The heterogeneous nature of data acquisition presents chal-
lenges in that different measurement sources do not main-
tain consistent sampling times or frequencies, resulting in
sparse datasets when constructing unified temporal indices.
To address this limitation, signals are aggregated using hourly
grouping with mean value selection to establish consistent
temporal resolution across all monitored parameters.
Temporal classification procedures are applied to each data
point based on proximity to registered failure events. This
classification enables exclusion of failure-period data during
algorithm training phases while facilitating identification of
failure time windows during validation procedures. Addition-
ally, time series segmentation is performed using gap analy-
sis to identify periods of extended maintenance activities that
may result in signal discontinuities, particularly when MGB
replacement occurs. This segmentation approach enables in-
dependent treatment of each operational period, preventing
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maintenance-induced signal changes from being interpreted
as degradation indicators.

Feature Engineering and Interpolation To address miss-
ing data point issues inherent in the sparse dataset, compre-
hensive data interpolation procedures are implemented. The
interpolation framework begins with linear interpolation be-
tween consecutive data points, followed by signal processing
using rolling mean calculations and exponential smoothing
techniques to enhance signal quality and reduce noise arti-
facts.

The preprocessing pipeline incorporates three distinct scaler
models trained according to MGB section classifications.
These scaling approaches enable appropriate normalization of
signal characteristics specific to different transmission subsec-
tions, with the processed data stored in dedicated tables serv-
ing as inputs for subsequent training and inference operations.

Model Training and Validation

Dimensionality Reduction and Normality Region Defini-
tion The algorithm development process leveraged SME
knowledge to identify operational timeframes for helicopter
subsets during which no anomalies or alarms were reported.
This expert-validated dataset, combined with proximity-based
event labeling, established the foundation for defining normal
operational conditions. Model training data was restricted
to samples collected during cruise flight regimes to mini-
mize noise and operational variability typically associated
with flight regime transitions.

The validated normal operation dataset serves as input for
PCA algorithm training, enabling definition of normality re-
gions within lower-dimensional latent spaces for each MGB
section: an example of normality region is shown in Figure 1.
This dimensionality reduction approach transforms the high-
dimensional health index space into manageable representa-
tions while preserving the essential variance characteristics
that distinguish normal from anomalous operational states.

Health Score Calculation and Model Explainability For
each rotorcraft in the monitored fleet, the complete oper-
ational history is represented within the established latent
spaces. Health assessment is performed by calculating Eu-
clidean distances from individual data points to the centroid
of the corresponding normality region. These distance mea-
surements are converted to interpretable health scores using a
calibrated transformation function:

HS = 100−
(dri f t − trange)

(ulimit − trange)
×100 (1)

where trange (tolerance range) and ulimit (upper limit) represent
tuned parameters defining the drift value below which health
scores default to maximum values (100) and the drift value
above which scores default to minimum values (0), respec-
tively.

The health scoring system implements dual threshold levels
for “warning” and “alert” categories, combined with a config-
urable counter parameter that determines the number of con-
secutive threshold violations required before alarm notifica-
tion generation. This approach reduces false alarm rates while
maintaining sensitivity to developing failure conditions.

The selection of PCA over alternative anomaly detection al-
gorithms was specifically motivated by the requirement for
model explainability in operational environments. The PCA-
based approach enables identification of key features respon-
sible for alarm generation through integration with Selec-
tKBest algorithms that analyze PCA results relative to nor-
mality region characteristics. This explainability capability
represents a critical operational requirement for supporting
end-user interpretation and root cause analysis of alarm con-
ditions.

Parameter Optimization and Training Procedures The
training phase implements comprehensive grid search opti-
mization to identify optimal parameter combinations across
multiple model configurations. The optimization process en-
compasses:

• Selection of relevant health indices, operational parame-
ters, and acquisition IDs

• Interpolation level determination from feature engineer-
ing procedures

• Minimum variance thresholds for PCA dimensionality
reduction

• Calibration of trange and ulimit parameters for health score
calculation

• Threshold value optimization for warning and alert cate-
gories

• Counter parameter tuning for consecutive alarm point re-
quirements

While additional parameters were available for optimization,
the listed parameters were selected based on their demon-
strated impact on model performance and operational require-
ments. The optimization objective focused on achieving ac-
ceptable false positive and false negative rates while main-
taining minimum 80% detection performance on the avail-
able failure event dataset, ensuring that the validation data re-
mained completely independent from training and parameter
tuning procedures.

Inference Implementation and Operational Deployment
The operational inference system processes daily collected
signal data through the trained algorithm framework. Individ-
ual data points are mapped into the established latent spaces,
with corresponding health scores calculated using the three
independent models representing distinct MGB subsections.
This multi-model approach provides comprehensive coverage
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Figure 1. The multi-dimensional input space is mapped into a lower-dimensional latent space. On the left side, the
”normality region”, consisting of the points in figure, indicates the space of normal operation for the gear-boxes included
in the training dataset. On the right side, the purple points in figure show an example of gearbox whose behavior starts
to deviate from the healthy ”normality region”.

of transmission system health while enabling localization of
developing anomalies to specific subsystem areas.

Algorithm outputs are presented through a dedicated dash-
board interface accessible to maintenance personnel and fleet
operators. The dashboard provides both fleet-level health sta-
tus monitoring and detailed analysis capabilities for individ-
ual MGB units. The interface includes historical health score
trends, active alarm notifications, and identification of health
indices contributing most significantly to alarm conditions,
supporting both immediate maintenance decision-making and
longer-term trend analysis for fleet health management.

ROTOR COMPONENT WEAR PREDICTION
METHODOLOGY

Virtual Sensor Technology Framework

Component Selection and Monitoring Challenges Rotor
components present fundamental challenges for direct health
monitoring due to their operational environment within the
rotating reference frame of the rotor system. Unlike trans-
mission components that operate in fixed mounting configura-
tions, rotor components experience complex loading patterns
while rotating at high speeds in harsh environmental condi-
tions. The methodology presented addresses the predictive
maintenance requirements for rotor components that require
replacement due to wear and damage accumulation rather than
predetermined fatigue life limits.

The target components for this methodology include critical
rotor elements such as damper links, pitch links, and blade
assemblies that are subject to various failure modes includ-
ing debonding, wear, and mechanical damage. These fail-
ure mechanisms necessitate complex measurements, partic-
ularly during operational service, potentially resulting in a
substantial discrepancy between traditional condition-based
maintenance approaches and actual conditions. Component
health assessment relies entirely on manual inspections dur-
ing scheduled maintenance intervals, with removal decisions

based on technical personnel assessments documented in
maintenance reports.

The virtual sensor framework addresses these limitations by
enabling reconstruction of critical loading and kinematic pa-
rameters that would otherwise require direct instrumenta-
tion (Ref. 5). Eight specialized virtual sensors have been de-
veloped and validated to reconstruct blade angle parameters
(lag, flap, and pitch angles) for consecutive blade pairs, along
with damper link axial loads and pitch link axial loads. These
virtual sensors provide comprehensive insight into rotor sys-
tem behavior, component loading patterns, and kinematic re-
sponses that directly influence component wear progression.

Virtual Sensor Integration and Data Reconstruction Vir-
tual sensors operate as software-based models that estimate
physical quantities without requiring direct measurement in-
strumentation. The implementation leverages data from avail-
able flight sensors combined with deep learning algorithms
trained on experimental flight data where physical sensors
were temporarily installed. This approach enables reconstruc-
tion of complete time history signals for each flight operation,
providing detailed insight into component loading and opera-
tional stress patterns.

The virtual sensor development process utilizes the estab-
lished VSDE, which provides a modular pipeline architecture
for creating, training, and deploying virtual sensors across
multiple helicopter systems (Ref. 5). The framework employs
sophisticated ML models, including the proprietary Leonardo
model specifically optimized for helicopter operational char-
acteristics, to ensure accurate reconstruction of rotor compo-
nent behavior under diverse flight conditions.

Each virtual sensor generates complete time history recon-
structions for individual flights, enabling detailed analysis of
loading patterns, peak stress events, and cumulative dam-
age accumulation. The temporal resolution of virtual sen-
sor outputs aligns with the underlying flight data sampling
rates, typically providing measurements at sub-second in-
tervals throughout flight operations. This granular data en-
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ables comprehensive characterization of component behavior
across all phases of flight operations.

Damage Index and Remaining Useful Life Models

Training Dataset Creation and Component Lifecycle
Tracking The predictive maintenance pipeline begins with
comprehensive training dataset creation that reconstructs the
complete operational history of rotor components from instal-
lation through removal. The process initiates with analysis of
maintenance database records, filtering by specific part num-
bers to identify all relevant component installations and re-
movals within the monitored fleet.

For each identified serial number, the system creates detailed
component lifecycle records including installation dates, re-
moval dates, aircraft assignments, and associated flight oper-
ation identifiers. Data validation procedures ensure consis-
tency between maintenance records and actual aircraft config-
urations, including verification that component counts align
with aircraft specifications. Serial numbers lacking complete
lifecycle information or exhibiting data inconsistencies are ex-
cluded from the training dataset to maintain model reliability.

The methodology successfully tracks components that are
transferred between aircraft within the fleet, maintaining con-
tinuity of damage accumulation calculations across aircraft
assignments. This capability is particularly important for fleet
operators who optimize component utilization through strate-
gic component rotation and replacement practices. The dam-
age index continues to accumulate appropriately as compo-
nents accumulate flight hours across different aircraft plat-
forms.

Flight data extraction procedures identify and retrieve all
flight operations associated with each component lifecycle,
creating comprehensive operational histories that span from
installation through removal. Virtual sensor reconstruction is
performed for each identified flight, generating the eight criti-
cal rotor parameter time histories that serve as inputs for dam-
age accumulation modeling. The resulting dataset integrates
maintenance records, flight operational data, and virtual sen-
sor reconstructions into a unified training framework.

Machine Learning Model Architecture and Training The
predictive maintenance methodology employs multiple ML
approaches to accommodate different aspects of damage ac-
cumulation prediction and operational requirements. Two pri-
mary modeling strategies have been implemented and vali-
dated: rolling window regression for detailed temporal anal-
ysis and per-flight feature extraction regression for efficient
operational deployment.

Rolling window regression provides fine-grained prediction
capabilities by analyzing temporal sequences of operational
data through sliding window analysis. This approach captures
detailed short-term temporal dynamics and enables detection
of subtle changes within individual flight operations. The
method employs both XGBoost gradient boosting algorithms

and hybrid CNN-LSTM neural network architectures to han-
dle the complex temporal dependencies inherent in compo-
nent wear progression (Ref. 11).

Per-flight feature extraction regression offers computational
efficiency and interpretability advantages by summarizing
flight operations through statistical feature extraction. This
approach processes each flight as an independent data point,
extracting relevant statistical measures including time-domain
features (mean, standard deviation, RMS, kurtosis, peak-to-
peak), operational severity indices (maneuver severity, ac-
celeration RMS, climate severity), and cumulative usage pa-
rameters (T IS, flight count). The methodology implements
advanced feature engineering techniques that create domain-
specific indicators such as maneuver severity indices based on
pitch, roll, and yaw rates, and environmental stress indicators
incorporating altitude, temperature, and wind conditions.

The CNN-LSTM hybrid architecture specifically addresses
the temporal nature of component degradation through con-
volutional feature extraction combined with long short-term
memory capabilities (Ref. 12). The convolutional layers em-
ploy filter configurations of 256, 128, and 64 neurons in se-
quential layers, followed by fully connected layers that trans-
form extracted features for final prediction. The architecture
outputs both damage index values and RUL estimates, pro-
viding complementary perspectives on component health sta-
tus. Recent advances in remaining useful life prediction using
CNN-LSTM networks for machining tools have demonstrated
the effectiveness of this hybrid approach for capturing both
spatial and temporal features in degradation patterns (Ref. 12).

Damage Index Definition and Normalization The damage
index represents a normalized measure of component degra-
dation based on the relationship between accumulated opera-
tional exposure and expected component lifetime. The index
employs a normalized scale from 0 to 1, where 0 represents
a newly installed component and 1 indicates component end-
of-life requiring immediate replacement. This normalization
is based on the operational time between component instal-
lation and removal, expressed in terms of cumulative flight
hours under actual operational conditions.

A damage index value of 0.8 represents a critical threshold
indicating that the component has reached 80% of its ex-
pected operational life and has entered a condition requiring
enhanced monitoring and maintenance planning. Beyond this
threshold, operators must consider that demanding flight oper-
ations or critical maneuvers may accelerate component degra-
dation and necessitate earlier replacement than initially pre-
dicted.

The damage index calculation incorporates the complex rela-
tionships between operational loading patterns, environmental
conditions, and cumulative stress accumulation derived from
virtual sensor data and flight operational parameters. Rather
than relying solely on flight hour accumulation, the method-
ology accounts for the severity and variety of operational con-
ditions encountered during component service life, providing
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more accurate predictions of actual component wear progres-
sion. This approach aligns with recent developments in re-
maining useful life prediction that emphasize the importance
of operational context in degradation modeling (Ref. 13).

Model Training and Validation Framework The model
training framework utilizes data from 128 component lifecy-
cles representing diverse operational conditions and aircraft
configurations. The dataset is partitioned using standard ML
practices with 80% allocated for training (103 cycles), 10%
for validation (12 cycles), and 10% for testing (13 cycles).
This partitioning ensures robust model development while
maintaining independent validation datasets for performance
assessment.

Advanced feature selection techniques are employed to iden-
tify the most relevant predictors from the comprehensive
dataset of flight parameters and virtual sensor outputs. Gra-
dient boosting feature importance analysis guides the selec-
tion process, identifying parameters that contribute most sig-
nificantly to component wear prediction without introducing
historical dependencies that might compromise model gener-
alization (Ref. 13).

The training process incorporates specialized techniques to
address the monotonic nature of component degradation.
Monotonicity constraints ensure that damage index predic-
tions increase consistently over time, reflecting the physical
reality that component damage cannot spontaneously reverse
during operational service. Both gradient boosting algorithms
and neural network architectures implement monotonicity en-
forcement through constrained optimization approaches.

Hyperparameter optimization employs grid search method-
ologies across multiple model configurations, including fea-
ture selection parameters, model architecture specifications,
and training parameters. The optimization process balances
prediction accuracy with computational efficiency require-
ments for operational deployment, ensuring that the final
models can provide timely predictions for fleet management
applications.

Prediction Pipeline Implementation and Operational Inte-
gration

Real-Time Inference Architecture The operational infer-
ence pipeline provides component health assessments follow-
ing each flight operation, enabling continuous monitoring of
damage index progression and RUL estimates. The pipeline
accepts component part numbers, serial numbers, and flight
history parameters as inputs, automatically retrieving relevant
operational data and generating updated predictions through
the trained ML models.

The inference process integrates seamlessly with existing vir-
tual sensor generation capabilities, ensuring that each flight
operation contributes appropriately to damage accumulation
calculations. Post-processing algorithms apply monotonic-
ity constraints and smoothing techniques to ensure consistent

damage index progression and provide uncertainty quantifica-
tion for maintenance planning applications.

Prediction outputs include both raw model estimates and post-
processed values that incorporate steady degradation rate es-
timation and expanding extreme calculation methodologies.
The steady degradation rate approach computes data-driven
wear rates from training data, while the expanding extreme
calculation tracks maximum smoothed prediction values over
time to ensure monotonic output behavior.

Figure 2. Example of damage index progression over com-
ponent operational life showing prediction accuracy and
remaining useful life estimation.

Alert Generation and Maintenance Integration The
methodology implements automated alert generation when
damage index predictions reach the critical threshold of 0.8
or exceed predetermined rates of change that indicate accel-
erated wear progression. Alert notifications provide main-
tenance personnel with advance warning of components ap-
proaching end-of-life conditions, enabling proactive mainte-
nance planning and parts procurement.

Component tracking continues throughout operational ser-
vice, with damage index updates occurring after each flight
operation. The system maintains comprehensive historical
records of damage progression, enabling trend analysis and
RUL estimation under current operational patterns. Uncer-
tainty quantification provides confidence intervals for predic-
tions, supporting risk-based maintenance decision making.

When components are removed before reaching predicted
failure thresholds, the system captures this information for
model refinement and validation. Early removal events pro-
vide additional data points for improving model conservatism
and calibrating alert thresholds to match operational mainte-
nance practices and safety requirements.

Performance Validation and Continuous Improvement
The methodology demonstrates significant improvement over
baseline approaches, achieving mean absolute error values of
17.59 flight hours for RUL predictions compared to baseline
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Figure 3. Comparison of damage index prediction meth-
ods showing performance of different machine learning
approaches and validation against actual component re-
moval data.

estimates of 107.936 flight hours based on average component
lifetimes. Advanced feature engineering and post-processing
techniques further improve prediction accuracy, with deep
learning approaches achieving mean absolute errors of 22.46
flight hours for windowed analysis.

Validation procedures employ both statistical performance as-
sessment and technical analysis with SME to ensure that pre-
dictions align with engineering understanding of component
behavior and degradation mechanisms. The dual validation
approach confirms that ML models capture genuine physical
relationships rather than spurious correlations while provid-
ing operationally meaningful insights for maintenance deci-
sion making.

The methodology supports extension to additional rotor com-
ponents through the established framework architecture, en-
abling scaling of predictive maintenance capabilities across
the complete spectrum of rotor system components. Future
development directions include incorporation of non-linear
degradation modeling, expanded training datasets utilizing
complete component lifecycles rather than truncated oper-
ational periods, and optimization of computational perfor-
mance through feature pre-computation and caching strate-
gies.

The operational implementation provides a comprehensive
solution for rotor component predictive maintenance that ad-
dresses the fundamental challenges of monitoring compo-
nents operating within rotating reference frames while pro-
viding validated performance improvements for fleet health
management and operational availability optimization.

RESULTS AND PERFORMANCE ANALYSIS

Transmission Health Monitoring Results

Fleet-Wide Performance Validation The transmission
health monitoring methodology has been extensively vali-
dated across a comprehensive fleet deployment encompass-
ing approximately seven hundreds aircraft operating over a

multiple year evaluation period, representing millions of flight
hours of operational data. This substantial validation dataset
provides robust evidence of the methodology’s effectiveness
across diverse operational conditions, aircraft configurations,
and maintenance environments.

The unsupervised machine learning approach successfully
achieved average failure detection capabilities of 24 flight
hours in advance of actual transmission component failures.
This advance warning capability provides sufficient time for
maintenance planning, logistics coordination, and replace-
ment component procurement, enabling proactive mainte-
nance responses that significantly reduce operational disrup-
tion and unscheduled downtime events.

Performance evaluation against the limited dataset of few doc-
umented transmission failure events demonstrates the algo-
rithm’s capability to detect developing failures while main-
taining acceptable false alarm rates. The methodology
achieved greater than 80% detection performance on docu-
mented failure events while operating within constraints es-
tablished for false positive and false negative rates that align
with operational maintenance requirements.

The algorithm’s ability to consolidate approximately 1000
health indices into unified health scores represents a signifi-
cant advancement over traditional threshold-based monitoring
approaches. This consolidation enables maintenance person-
nel to assess transmission health through single-value indica-
tors rather than managing hundreds of individual parameters,
substantially reducing monitoring complexity while improv-
ing diagnostic reliability.

Operational Implementation and Fleet Generalization
The PCA-based approach demonstrates remarkable general-
ization capabilities across the entire monitored fleet with-
out requiring individual aircraft calibration or customization.
This fleet-wide applicability eliminates the operational com-
plexity and cost associated with developing aircraft-specific
models while maintaining diagnostic accuracy across diverse
operational profiles and aircraft configurations.

The methodology’s explainability features provide critical op-
erational value by identifying specific health indices respon-
sible for alarm generation through SelectKBest algorithm in-
tegration. This capability enables maintenance personnel to
understand the underlying causes of health score degradation
and focus diagnostic efforts on specific transmission subsys-
tems or components most likely to require attention. Figure 4
illustrates an example of health score generated for a specific
helicopter.

Dashboard implementation provides comprehensive fleet
health monitoring capabilities with both high-level fleet sta-
tus assessment and detailed individual aircraft analysis. The
interface enables maintenance teams to monitor health score
trends, review alarm histories, and analyze contributing health
indices for specific transmission units, supporting both im-
mediate maintenance decision-making and longer-term fleet
health management strategies.
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Figure 4. Health Score (blue dotted line) calculated for a specific helicopter. The two horizontal lines identify the “warn-
ing” threshold (orange) and the “alert” threshold (red). Furthermore, a detailed analysis of the contributing health
indices can be performed to pinpoint the specific source of the potential failure.

Rotor Component Prediction Results

Machine Learning Model Performance Assessment
The rotor component predictive maintenance methodology
demonstrates significant performance improvements over
conventional maintenance approaches through comprehen-
sive validation using 128 component lifecycles. The per-flight
feature extraction approach achieved mean absolute error
values of 17.59 flight hours for RUL predictions, representing
substantial improvement compared to baseline approaches
utilizing average component lifetimes that yielded mean
absolute errors of 107.936 flight hours.

Advanced feature engineering techniques incorporating ma-
neuver severity indices, environmental stress factors, and cu-
mulative usage parameters contribute to enhanced prediction
accuracy. The methodology successfully captures complex re-
lationships between operational loading patterns, flight condi-
tions, and component wear progression that traditional time-
based maintenance approaches cannot address.

Deep learning approaches utilizing CNN-LSTM hybrid archi-
tectures achieved mean absolute error values of 22.46 flight
hours for rolling window regression analysis, demonstrating
the effectiveness of temporal sequence modeling for compo-
nent degradation prediction. The slightly higher error com-
pared to per-flight approaches reflects the increased complex-
ity of temporal modeling while providing enhanced capability
for detecting subtle short-term changes in component behav-
ior.

Feature selection optimization through gradient boosting im-
portance analysis identifies T IS, flight count, and operational
severity indices as primary predictors of component wear pro-
gression. Environmental factors including temperature ex-
tremes, altitude variations, and wind conditions contribute
secondary but measurable influences on wear accumulation
rates, validating the importance of comprehensive operational
context in predictive modeling.

Virtual Sensor Technology Validation The integration of
eight specialized virtual sensors provides unprecedented in-
sight into rotor component loading and kinematic behavior
that would otherwise be impossible to obtain from operational
aircraft. Virtual sensor reconstructions of blade angles (lag,
flap, pitch), damper link axial loads, and pitch link axial loads
enable comprehensive characterization of component stress
patterns across all phases of flight operations.
Validation procedures combining statistical performance as-
sessment with SME technical analysis confirm that virtual
sensor outputs accurately represent physical loading condi-
tions and align with engineering understanding of rotor sys-
tem behavior. The dual validation approach ensures that ML
models capture genuine engineering relationships rather than
spurious correlations while providing operationally meaning-
ful insights for maintenance decision making.
Post-processing techniques including monotonicity con-
straints and steady degradation rate estimation ensure phys-
ically realistic damage index progression while providing
uncertainty quantification for maintenance planning applica-
tions. The methodology successfully enforces monotonic
damage accumulation that reflects the physical reality of com-
ponent wear progression while accommodating operational
variability and measurement uncertainty.

Damage Index Implementation and Threshold Analysis
The normalized damage index scale from 0 to 1 provides in-
tuitive component health assessment that aligns with main-
tenance personnel expectations and operational requirements.
The critical threshold of 0.8 effectively identifies components
approaching end-of-life conditions while providing sufficient
advance warning for maintenance planning and parts procure-
ment activities.
Validation against actual component removal events demon-
strates that the methodology successfully identifies compo-
nents requiring replacement due to wear and damage accu-
mulation rather than predetermined fatigue life limits. The
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approach addresses failure modes including debonding, wear,
and mechanical damage that cannot be detected through tra-
ditional monitoring approaches, significantly expanding the
scope of condition-based maintenance capabilities.

Component tracking across aircraft transfers within fleet op-
erations maintains appropriate damage accumulation continu-
ity, enabling accurate health assessment regardless of com-
ponent movement between aircraft platforms. This capabil-
ity supports fleet optimization strategies that maximize com-
ponent utilization through strategic rotation and replacement
practices.

Figure 5. DI calculation of main rotor component showing
damage accumulation over operational life and threshold-
based alert generation.

Integrated Methodology Benefits and Operational Impact

Comprehensive Fleet Health Monitoring Coverage The
dual methodology approach provides comprehensive cover-
age of rotorcraft health monitoring requirements by address-
ing both transmission systems through direct sensor monitor-
ing and rotor components through virtual sensor technology.
This combination eliminates the significant gaps in traditional
monitoring approaches that typically focus exclusively on ac-
cessible transmission components while neglecting critical ro-
tor system elements.

The complementary nature of the two approaches enables
complete rotorcraft health assessment without requiring ex-
tensive physical instrumentation or modification of opera-
tional aircraft configurations. The transmission methodology
leverages existing HUMS infrastructure while the rotor com-
ponent approach utilizes standard flight data parameters, min-
imizing implementation complexity and operational disrup-
tion.

Integration within a unified data architecture framework uti-
lizing Leonardo’s “davinci-1” HPC infrastructure and shared
data lake capabilities provides the computational power and
data management necessary for fleet-scale deployment. The
common infrastructure approach enables efficient resource
utilization while maintaining the specialized analytical capa-
bilities required for each monitoring domain.

Transition from Time-Based to Condition-Based Main-
tenance Both methodologies enable fundamental transi-
tions from conservative time-based maintenance schedules to
condition-based approaches that optimize component utiliza-
tion based on actual health status rather than predetermined
replacement intervals. This transition represents significant
advancement in maintenance efficiency and operational cost
optimization.

For rotor components specifically, the methodology elimi-
nates the need for extensive manual inspection activities dur-
ing early component lifecycle phases, enabling maintenance
teams to focus inspection efforts on components approach-
ing critical threshold values. This optimization reduces main-
tenance workload while improving inspection effectiveness
through targeted condition assessment.

The virtual sensor approach provides unprecedented insight
into customer operational patterns and component usage pro-
files, enabling data-driven analysis of how helicopter utiliza-
tion affects component wear progression. This capability sup-
ports both immediate maintenance optimization and longer-
term component design improvements based on actual opera-
tional requirements and usage patterns.

Technology Platform and Service Integration The
methodologies are designed for integration as Platform-as-a-
Service offerings leveraging cloud computing infrastructure,
enabling scalable deployment across diverse customer fleets
and operational environments. This approach provides
flexibility for customers with varying fleet sizes and opera-
tional requirements while maintaining consistent analytical
capabilities and performance standards.

The technology platform creates opportunities for additional
revenue streams through enhanced service offerings while
providing valuable operational data for component design op-
timization and customer satisfaction improvement. Analysis
of customer operational patterns enables identification of de-
sign improvements that can reduce component replacement
costs and improve overall helicopter operational efficiency.

Technical stakeholder engagement demonstrates strong inter-
est in the methodology’s potential for creating new business
opportunities and enhancing customer relationships through
improved maintenance services. The approach represents sig-
nificant advancement in predictive maintenance capabilities
that align with industry trends toward digitalization and data-
driven operational optimization.

Implementation Considerations and Future Development

Validation Framework and Performance Standards The
comprehensive validation approach combining extensive fleet
data analysis with expert technical review establishes robust
performance standards for both methodologies. The transmis-
sion approach’s validation across three million flight hours
provides exceptional confidence in performance reliability,
while the rotor component methodology’s validation using
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128 component lifecycles demonstrates effectiveness across
diverse operational conditions.

Performance metrics demonstrate clear improvements over
existing approaches while acknowledging the pilot project sta-
tus of current implementations. The methodologies provide
validated frameworks ready for operational deployment once
business case development and customer integration require-
ments are completed.

Scalability and Extension Opportunities The modular ar-
chitecture of both methodologies supports extension to addi-
tional aircraft types and component categories through estab-
lished training and validation procedures. The virtual sen-
sor framework particularly enables expansion to other rotor
components that present similar instrumentation challenges,
providing scalable solutions for comprehensive rotor system
health monitoring.

Future development directions include integration of non-
linear degradation modeling, expansion of training datasets
to utilize complete component lifecycles, and optimization
of computational performance through advanced caching and
pre-computation strategies. These enhancements will further
improve prediction accuracy and operational efficiency while
maintaining the validated performance characteristics demon-
strated through current implementations.

The technology platform provides foundation for advanced
analytics capabilities including fleet optimization, predictive
logistics, and component design feedback that can signifi-
cantly enhance customer value propositions and operational
efficiency across the complete product lifecycle.

CONCLUSIONS AND FUTURE WORK

Key Contributions and Technical Achievements

This research presents a comprehensive dual-methodology
approach to rotorcraft predictive maintenance that success-
fully addresses the distinct monitoring challenges inherent in
transmission systems and rotor components through comple-
mentary technological solutions. The work demonstrates sig-
nificant advancement in the application of ML and virtual sen-
sor technologies to aerospace maintenance challenges, pro-
viding validated solutions that bridge the gap between theo-
retical algorithmic capabilities and practical operational im-
plementation.

The transmission health monitoring methodology achieves re-
markable consolidation of complex diagnostic information by
reducing approximately 1000 health indices from 187 acqui-
sition points into unified, interpretable health scores. The un-
supervised PCA approach successfully detects transmission
failures an average of 24 flight hours in advance while main-
taining greater than 80% detection performance across doc-
umented failure events. This early warning capability, vali-
dated across approximately seven hundreds aircraft and mil-
lions flight hours of operational data, represents substantial

improvement over traditional threshold-based monitoring sys-
tems that frequently generate false alarms or miss developing
failures.

The rotor component predictive maintenance methodology in-
troduces innovative virtual sensor technology that overcomes
fundamental instrumentation limitations in rotating machin-
ery applications. The framework successfully reconstructs
eight critical rotor parameters including blade kinematics and
component loading patterns using only standard flight data,
eliminating the need for complex and unreliable rotating in-
strumentation. ML models trained on 128 component lifecy-
cles achieve mean absolute error improvements from 107.936
flight hours to 17.59 flight hours for RUL predictions, demon-
strating significant advancement in predictive accuracy for
components subject to wear and damage rather than fatigue-
limited failure modes.

The integration of both methodologies within a unified
data architecture framework leveraging HPC infrastructure
demonstrates scalable solutions for fleet-wide health monitor-
ing. The complementary nature of transmission monitoring
through direct sensor analysis and rotor component assess-
ment through virtual sensor technology provides comprehen-
sive coverage of critical rotorcraft systems without requiring
extensive aircraft modification or complex instrumentation in-
stallations.

Methodological Innovations and Technical Significance

The research introduces several methodological innovations
that advance the state-of-the-art in predictive maintenance for
rotating machinery applications. The unsupervised anomaly
detection approach for transmission monitoring addresses the
practical challenge of limited failure event data while provid-
ing fleet-wide generalization without requiring individual air-
craft calibration. This capability represents significant oper-
ational advantage over traditional approaches that necessitate
extensive customization for each aircraft or operational envi-
ronment.

The virtual sensor technology framework demonstrates so-
phisticated integration of deep learning algorithms with
domain-specific engineering knowledge to reconstruct phys-
ical quantities that cannot be directly measured during oper-
ational service. The approach successfully validates virtual
sensor outputs through dual statistical and technical analy-
sis, ensuring that ML models capture genuine physical rela-
tionships rather than spurious correlations. This validation
methodology establishes important precedents for deploying
AI solutions in safety-critical aerospace applications.

The damage index formulation provides intuitive and action-
able health assessment metrics that align with maintenance
personnel expectations while incorporating complex relation-
ships between operational loading patterns, environmental
conditions, and component wear progression. The normal-
ized scale from 0 to 1 with established critical thresholds en-
ables straightforward integration with existing maintenance
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planning processes while providing significant improvement
over time-based replacement schedules.

Advanced post-processing techniques including monotonic-
ity constraints and steady degradation rate estimation ensure
physically realistic predictions while providing uncertainty
quantification for risk-based maintenance decision making.
These techniques address practical challenges in deploying
ML models for engineering applications where predictions
must align with fundamental physical principles and engineer-
ing expectations.

Practical Impact and Industry Implications

The validated performance improvements demonstrated by
both methodologies provide compelling evidence for tran-
sitioning from traditional time-based maintenance schedules
to condition-based approaches that optimize component uti-
lization based on actual health status. For transmission sys-
tems, the 24-hour advance warning capability enables proac-
tive maintenance planning, logistics coordination, and re-
placement component procurement that significantly reduces
unscheduled downtime and operational disruption.

For rotor components, the methodology enables fundamen-
tal changes in maintenance practices by eliminating exten-
sive manual inspection requirements during early component
lifecycle phases while focusing inspection efforts on compo-
nents approaching critical threshold conditions. This opti-
mization reduces maintenance workload while improving in-
spection effectiveness through targeted condition assessment
based on quantitative health indicators rather than subjective
visual evaluations.

The technology platform creates opportunities for enhanced
service offerings that provide additional value to customers
while generating new revenue streams for manufacturers.
The comprehensive operational data generated through vir-
tual sensor technology enables analysis of customer usage pat-
terns and component performance that supports both immedi-
ate maintenance optimization and longer-term component de-
sign improvements based on actual operational requirements.

The successful integration of advanced ML techniques with
established engineering principles demonstrates practical
pathways for deploying AI solutions in aerospace applications
while maintaining the reliability and safety standards required
for commercial aviation operations. This integration provides
important precedents for broader adoption of data-driven ap-
proaches in aerospace maintenance and design optimization.

Limitations and Areas for Improvement

While the research demonstrates significant technical achieve-
ments, several limitations and areas for improvement have
been identified that represent opportunities for future devel-
opment. The transmission monitoring methodology relies on
a limited dataset of few documented failure events, which con-
strains the ability to validate performance across diverse fail-
ure modes and operational scenarios. Expansion of the failure

event database through continued operational monitoring will
enhance model validation and potentially improve detection
capabilities for specific failure mechanisms.

The rotor component methodology currently focuses on wear
and damage-related failure modes, excluding fatigue-limited
components that represent a significant portion of rotor sys-
tem maintenance requirements. Extension of the virtual sen-
sor framework to address fatigue life prediction would pro-
vide more comprehensive rotor system health monitoring ca-
pabilities and enable unified maintenance planning across all
component categories.

Computational performance optimization remains an area for
improvement, particularly for real-time applications requiring
immediate health assessment updates following flight oper-
ations. Current implementations rely on HPC infrastructure
that may not be readily available in all operational environ-
ments, creating potential barriers to widespread deployment.

The integration of both methodologies into unified operational
workflows requires further development to address scenarios
where transmission and rotor component health assessments
provide conflicting maintenance recommendations. Decision
support frameworks that appropriately weight and prioritize
different health indicators will enhance practical utility for
maintenance planning applications.

Future Research Directions

Several promising research directions emerge from the cur-
rent work that can significantly extend the capabilities and
applications of the developed methodologies. Integration
of physics-informed ML approaches could enhance model
reliability by incorporating fundamental engineering princi-
ples directly into algorithmic frameworks, potentially improv-
ing prediction accuracy while reducing data requirements for
model training.

Extension of the virtual sensor framework to additional ro-
tor components including pitch links, blade assemblies, and
hub mechanisms would provide comprehensive rotor system
health monitoring capabilities that address the complete spec-
trum of maintenance requirements. The modular architecture
established through current development provides foundation
for systematic expansion across additional component cate-
gories.

Development of non-linear degradation modeling capabilities
would enhance prediction accuracy for components that ex-
hibit complex wear patterns or multiple degradation mecha-
nisms operating simultaneously. Current linear degradation
assumptions, while providing good performance for many ap-
plications, may not capture the full complexity of component
behavior under diverse operational conditions.

Integration of predictive maintenance capabilities with
broader aircraft health management systems could enable
system-level optimization that considers interactions between
different aircraft subsystems and operational requirements.
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This integration would support more sophisticated mainte-
nance planning that optimizes overall aircraft availability
rather than individual component replacement schedules.

Research into automated model updating and continuous
learning capabilities would enable the methodologies to adapt
to changing operational patterns, new failure modes, or evolv-
ing component designs without requiring extensive manual re-
training procedures. This capability would enhance long-term
model reliability and reduce the maintenance overhead asso-
ciated with model management.

Regulatory and Certification Considerations

The deployment of ML-based predictive maintenance systems
in commercial aviation requires careful consideration of reg-
ulatory frameworks and certification requirements that ensure
safety and reliability standards are maintained. While cur-
rent regulatory guidance for AI applications in aviation re-
mains under development, the validation methodologies es-
tablished through this research provide important precedents
for demonstrating system reliability and safety compliance.

The explainability features incorporated into both methodolo-
gies address key regulatory concerns about algorithmic trans-
parency and decision traceability that are essential for certifi-
cation approval. The ability to identify specific health indices
responsible for transmission alarms and the physical basis for
virtual sensor predictions provide the transparency necessary
for regulatory acceptance of automated maintenance decision
support systems.

Future research should continue to engage with regulatory
authorities to establish appropriate certification frameworks
for predictive maintenance technologies while maintaining
the performance benefits demonstrated through current imple-
mentations. This engagement will facilitate broader industry
adoption while ensuring that safety standards are appropri-
ately maintained.

Concluding Remarks

This research demonstrates significant advancement in rotor-
craft predictive maintenance through innovative integration of
ML algorithms, virtual sensor technology, and established en-
gineering principles. The dual methodology approach suc-
cessfully addresses fundamental challenges in monitoring
both transmission systems and rotor components while pro-
viding validated performance improvements that enable tran-
sition from time-based to condition-based maintenance prac-
tices.

The comprehensive validation across extensive operational
datasets establishes confidence in methodology reliability
while identifying clear pathways for future enhancement and
broader application. The technology platform provides foun-
dation for enhanced service offerings that create value for both
manufacturers and operators while advancing the state-of-the-
art in aerospace maintenance optimization.

The work represents important progress toward more efficient,
safe, and cost-effective rotorcraft operations through data-
driven maintenance approaches that optimize component uti-
lization based on actual health status rather than conservative
time-based schedules. The methodologies developed provide
practical solutions to industry challenges while establishing
frameworks for continued advancement in predictive mainte-
nance technology applications.

Future development and deployment of these technologies
will contribute to improved rotorcraft safety, operational ef-
ficiency, and cost-effectiveness while providing valuable in-
sights into component behavior and customer operational pat-
terns that support continued advancement in aerospace de-
sign and maintenance optimization. The research establishes
important precedents for deploying advanced analytical tech-
niques in safety-critical applications while maintaining the re-
liability and transparency required for commercial aviation
operations.
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