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Team Composition:

Air SHIELD is a revolutionary, autonomous structural health 
monitoring system, providing continuous structural awareness, 
enabling early damage detection, localization, and classification. 
By integrating advanced sensing, physics-based simulation, and 
learning-based inference, it reduces reliance on routine 
inspections, scheduled maintenance, and unscheduled repairs. 
The system incorporates software updates, documentation, and 
regulatory compliance to meet certification requirements. Case 
studies show it saves $9.13 per flight hour, $444,932 over the 
aircraft lifetime, and adds 570 hours of utilization, improving 
safety, maintenance efficiency, and aircraft availability.

Project Timeline

Case studies show Air SHIELD saves $9.13 per flight hour, 
$444,932 over an aircraft’s lifetime, and adds 570 hours of 
utilization, while keeping aircraft safer and more available.    
This revolutionary and autonomous structural health monitoring 
system continuously detects, locates, and classifies damage in 
real time. By combining advanced sensors, physics-based 
models, and machine learning, it reduces routine inspections and 
unplanned maintenance, and delivers smarter operations, faster 
turnarounds, and lower costs. It positions operators to meet the 
demands of sustainable, high-utilization aviation while enabling 
data-driven maintenance decisions across the fleet.



This proposal introduces Air SHIELD, a hybrid structural health monitoring technology enabling con-
tinuous, autonomous assessment of aircraft structures during flight. Unlike current manual inspection meth-
ods using flashlights, cameras, or acoustic techniques, Air SHIELD provides real-time data on structural
integrity, reducing the risk of undetected damage and minimizing aircraft downtime. Our work focuses on
optimizing the sensor architecture and developing a sophisticated machine learning model for accurate dam-
age detection, localization, and remaining useful life prediction. This is done by introducing Air SHIELD
Sensing Cluster, composed of piezoelectric transducers that generate guided waves across the aircraft sur-
face, and received by fiber Bragg gratings sensor, with placement informed by Air SHIELD Optimizer.
Damage alters the wave propagation, producing measurable wavelength shifts that indicate strain. Air
SHIELD Detection is a graph neural network that processes the sensor data and performs global damage
detection, point-wise localization, damage type classification, and remaining useful life prediction. Planned
experimental validation with representative structures confirms simulation accuracy, sensor performance,
and the effectiveness of sensor placement optimization.

To reduce system mass while maintaining measurement fidelity, a zonal interrogation strategy divides the
sensor network into three zones, lowering equipment weight by approximately 5.5 times. When applied to a
737 NG, the addition of Air SHIELD increases empty operating weight by 0.2%, but creates a net savings
of $9.13 per flight hour, by reducing maintenance cost. Across the aircraft’s operational lifetime, the im-
plemented system saves the operator $444,932, while also increasing the aircraft’s utilization by 570 hours.
The proposal also defines the development, testing, and validation steps required to achieve operational de-
ployment by 2035. By combining advanced sensing, predictive modeling, and a structured and systematic
implementation plan, this approach supports continuous diagnostics, prognostics, and autonomous alerting,
improving safety, maintenance efficiency, and operational decision-making for aircraft.
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1 Situational Assessment
Safety is of the utmost importance when it comes to aviation. According to the FAA FAR 25.571, the

structure of the aircraft must retain its structural strength during the operational life after it has sustained
a given level of fatigue, corrosion, and accidental damage [1]. In aviation, structural damage can be cate-
gorized into three primary types: accidental damage, environmental deterioration, and fatigue damage [2],
with description highlighted in Table A.1 in the Appendix. Structural health monitoring (SHM) is important
because it reflects the health status of a structure, thereby informing engineers of its life-time, damage states,
and locations so that maintenance can be scheduled and performed to prevent damage from further propagat-
ing. The general practice that airlines currently adhere to is a periodic maintenance schedule, where aircraft
are inspected at intervals of months, and manual visual inspections are performed with the assistance of a
flashlight by technicians to determine and detect damages or deformation [3, 4]. This is highly subjective;
it can lead to human error and doesn’t collect any data related to the inspection or condition of the aircraft.
Additionally, while advanced warning and monitoring systems have been implemented on Generation 3 and
4 transport aircraft for automated warning cues, diagnostics time and human workload actually increases
during non-normal scenarios where only subtle and ambiguous failures or cues are available [5, 6]. One
example is the 1988 accident involving an aircraft operated by Aloha Airlines in the Hawaii region, which
had undergone repeated fatigue loading due to numerous short-haul flights between the Hawaiian Islands,
causing internal damage that remained difficult to detect during routine inspections. These repeated fatigue
cycles weakened the material internally, ultimately causing a portion of the fuselage roof to rupture [7].

Currently, the only existing aircraft that has SHM on-board is the F-35 [8]. Despite the enterprise matu-
rity of the F-35 SHM, the on-board structural sensing does not provide guided wave non-destructive evalua-
tion (NDE), a capability that is crucial for early, local detection and sizing of barely visible impact damage
(BVID), disbonds, and small cracks that rarely perturb global strain at sparse gauge locations. As SHM
scales to larger airframes, simply multiplying low-bandwidth strain gauges increases complexity without
commensurate coverage. Airbus and Boeing also have their respective predictive health monitoring plat-
forms to support aircraft maintenance and operations across airlines but this ecosystem primarily monitors
systems health states and has limited information on monitoring the structural health of the aircraft [9–11].

Given the health monitoring gaps in commercial aviation, our objective is to highlight the prognostics
and diagnostics technology and benefits of incorporating strain gauges and transducers to continuously
acquire strain data used for detecting and classifying damage types, severity, and remaining useful life.
This approach allows for continuous health monitoring during flight operations, increases decision making
efficiency, reduces operational downtime, and lowers maintenance costs for condition-based inspection.

2 Solution: Air SHIELD Sensing Cluster, Optimizer, and Detection
A data-driven predictive structural health monitoring system requires coordinated front-end and back-

end development. The Back-end focuses on mechanical integration and sensing technologies that enable
prognostic and diagnostic capabilities. The Front-end, described in Section 3.1, involves coordination
among multiple stakeholders to enable reliable data transfer, processing, and analysis across the system ar-
chitecture. Our proposed solution, Air SHIELD, integrates hybrid strain sensing hardware, specifically fiber
Bragg grating (FBG) sensors and piezoelectric transducers (PZT), forming Air SHIELD Sensing Clusters
with placement determined by the Air SHIELD Optimizer, onto aircraft structures to continuously measure
strain variations. The data serve as inputs for the damage detection, localization, and prediction algorithms
called Air SHIELD Detection. This combined approach reduces uncertainties related to potential structural
damage caused by fatigue, environmental deterioration, or unplanned impact scenarios, especially for early
detection of BVID, a critical form of internal damage in composite materials that is not externally visible
and can significantly reduce material integrity and overall structural strength.
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2.1 Air SHIELD Sensing Cluster
The Air SHIELD Sensing Cluster, displayed in Fig.2.1, integrates PZT and FBG sensors for guided

wave sensing. A voltage input excites the PZT, generating guided elastic waves at a selected frequency that
propagate through the structure, attenuating with distance and material damping, and are received by FBG
sensors that measure the dynamic strain response. Each FBG sensor consists of a periodic grating inscribed
in an optical fiber that reflects Bragg wavelength from a broadband light source. Mechanical strain alters the
grating period, producing a measurable shift in the reflected wavelength relative to the initial equilibrium
state. An optical interrogator tracks this shift and converts it to strain using calibrated relationships. Prior
studies by [12, 13] validated this hybrid concept under controlled laboratory conditions.

Figure 2.1: Air SHIELD Sensing Cluster

The Air SHIELD Sensing Cluster is revolutionary be-
cause it enables global assessment of structural damage rather
than isolated point measurements. An FBG sensor used alone
measures strain over a limited sensing region near the bonded
location. When paired with PZT, guided elastic waves travel
across the structure and interact with discontinuities such as
cracks or delaminations. Damage alters wave amplitude and
propagation characteristics, which appear as measurable wave-
length shifts in the FBG response. This behavior supports early
detection over a larger inspection area. The small size and
low mass of both sensors support aircraft integration, where
added mass affects thrust, engine selection, and vehicle per-
formance. Additional mass may also require structural rein-
forcement, which further increases weight and aerodynamic drag. Moreover, the multiplexing capability of
FBG sensors enables multiple sensing locations along a single optical fiber, reducing wiring complexity and
minimizing the amount of onboard electronics required for data acquisition [3, 14].

2.2 Air SHIELD Optimizer for Sensor Placement
Sensor installation on aircraft structures requires two tightly coupled steps: sensor placement optimiza-

tion (SPO) and damage detection and classification. The location of each FBG sensor or PZT on a panel
determines how sensitively it records the strain variations that occur during flight; therefore, sensors must be
placed preferentially in regions of high strain and stress. Because exhaustive trial-and-error testing of thou-
sands of possible layouts would demand an impractical amount of finite element modeling (FEM) and flight
test time, the placement problem must be addressed with a principled, data-driven design methodology.

Studies have scrutinized different methods for determining sensors locations, but they focused on con-
trollability and observability rather than direct damage detection [15–24]. More efficiently, Air SHIELD
Optimizer adopts a design-amortized Bayesian Optimal Experimental Design (BOED) approach. In-
stead of optimizing each layout independently, it trains a single variational model once and reuses it to eval-
uate the expected information gain (EIG) for a large design space using the Variational Nested Monte Carlo
(VNMC) bound tightening strategy [25, 26], enabling the trained model to evaluate new layouts without re-
peated retraining. It significantly reduces FEM requirement and lowers computational cost while improving
efficiency in identifying sensor locations based on prior knowledge of high strain and stress regions.

The development of Air SHIELD Optimizer begins with defining the design variables, including dis-
crete mesh coordinates and orientation. Latent parameters represent damage characteristics, including lo-
cation, size, severity, and type. The model also accounts for uncertainties to better represent operational
conditions, such as atmospheric variation, boundary condition uncertainty, sensor noise and failure proba-
bility, and bonding degradation between the sensor and the structure. These uncertainties are incorporated
through baseline calibration datasets that account for environmental variation, weighted risk factors assigned
to potential sensor failures, and extensive FEM simulations across multiple loading and flight conditions to

2



represent realistic structural responses. Wave characteristics, including sensing range and propagation be-
havior, are incorporated as it affects coverage and layout feasibility across the surface. The addition of
operational uncertainties and wave characteristics into a SPO has never been studied extensively before.

Prior knowledge for Air SHIELD Optimizer is introduced through a large set of simulated FEM rep-
resenting realistic flight loads, operating conditions, and damage scenarios and highlight structurally sig-
nificant regions. During training, a variational bound is used to learn the amortized posterior and VNMC
is applied to tighten the bounds on EIG for each candidate layout, improving reliability in design ranking
and selection. Design evaluation uses a risk-weighted utility that rewards information gain while penalizes
missed detections in critical regions and false alarms that drive unnecessary maintenance actions. Once
trained, the model supports fast, repeatable layout optimization without re-running large numbers of FEM.

2.2.1 Damage Types and Numerical Representation
Each damage mechanism produces distinct geometric features and stress distributions that influence

strain response and guided wave behavior. Accurate representation of these physical characteristics is re-
quired to provide meaningful inputs to the damage classification model and improve identification accuracy.
Table 2.1 summarizes representative damage mechanisms, physical effects, and data acquisition method for
developing Air SHIELD Optimizer and Detection using FEM and experimental tests. Fig. A.2 in the
Appendix illustrates the inputs and outputs workflow from FEM and experimental data.

Table 2.1: Summary of damage types, physical material response, and data acquisition methods

2.2.2 Air SHIELD for Corrosion Detection
Corrosion are high-value targets for Air SHIELD because it can begin as localized material changes

before producing clear visual indications. Pitting corrosion introduces local section loss and stress concen-
tration, and long-term corrosion reduces effective load-bearing area and stiffness. These damage modes
are difficult to detect visually when they occur near fasteners, on backside surfaces, or in stiffened regions.
Corrosion studies conducted by NASA noted that corrosion is often identified only after visible surface dis-
tortion, such as pillowing, while inaccessible regions require advanced NDT methods [27]. Corrosion under
coating may also remain hidden until blistering, cracking, or coating failure appears [28].

Prior studies show strong potential for guided-wave sensing to detect hidden corrosion and back-surface
corrosion in aluminum [29, 30]. Piezoelectric wafer active sensor networks have also detected opposite-
side material loss in aluminum plates using pitch-catch and cross-time frequency features [31]. For ge-
ometries relevant to fastener regions, Lamb-wave imaging has been demonstrated for corrosion around
aluminum alloy hole edges, representative of rivet-hole corrosion [32]. FBG sensors have also proven to de-
tect early corrosion-induced strain, monitor corrosion-related response in metallic structures, localize pitted
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corrosion in coated or thermally sprayed metallic systems, and support corrosion detection using strain re-
sponse through a two-level strategy [33–38]. Together, these studies support the technical feasibility of Air
SHIELD’s sensing approach for capturing localized pitting corrosion and distributed corrosion thinning.

2.2.3 Air SHIELD for delamination in Composite Materials
Composite materials offer a high strength-to-weight ratio and significant structural efficiency benefits

compared with metals. However, widespread adoption remains constrained by uncertainty in damage detec-
tion and lifecycle maintenance. Metals are ductile and often exhibit visible deformation or surface damage
after loading events. In contrast, composites are susceptible to hidden damage mechanisms such as BVID,
delamination, and matrix cracking, which increase inspection complexity and maintenance burden. Any
out-of-plane stresses introduced to the composite panel will engage the weak axis of the laminate due to
inherently poor through-thickness strength. Under these conditions, load transfer depends more heavily on
the resin and fiber-matrix interface rather than the fibers themselves. Engineering design practices that min-
imize local out-of-plane stress concentrations help reduce the likelihood of delamination. However, these
measures do not fully eliminate risk, particularly when damage originates from manufacturing defects or
low-velocity impact events.

Studies have identified a dent decay phenomenon in which the visible indication of BVID gradually
fades due to combined fatigue and aging effects, leaving the outer surface apparently pristine while internal
damage remains present [39, 40]. Air SHIELD reduces this uncertainty through continuous strain-field
measurements that do not depend on surface artifacts that may disappear over time. Unlike metals, where
crack growth often follows established analytical relationships, composite damage progression is more com-
plex because environmental exposure and operational variability alter intrinsic material properties, leading
to less predictable behavior [40]. As a result, improved models for laminate stress prediction, delamina-
tion onset, and residual strength assessment remain an active research need. Although recent studies have
advanced these predictive tools, key uncertainties persist, particularly regarding material variability and en-
vironmental effects [41–45]. Air SHIELD can address these gaps by providing high-resolution strain-field
data for experimental validation and model calibration, enabling more reliable predictive and computational
tools, reduces uncertainty, and improves confidence in composite structural performance throughout service
life. Studies have examined the methods of measuring fatigue cracks using various sensing hardware, but
these sensing system are strongly influenced by the placement and proximity to the crack [46–53]. There-
fore, the proposed hybrid PZT-FBG Sensing Cluster enables global surface assessment rather than isolated
strain measurement, which allows Air SHIELD Detection to evaluate the spatially distributed features to
output accurate localization and early detection and classification of such subtle and inconspicuous damages.

2.2.4 Example Demonstration of Data Collection for Air SHIELD Optimizer using CRM Wingbox
A preliminary FEM study was conducted on the NASA Common Research Model (CRM) wingbox

to generate representative strain-field data for Air SHIELD Optimizer. The CRM is a transonic transport
vehicle benchmark provided by NASA for research use [54, 55]. The V15 wingbox model was analyzed in
Femap using a static aeroelastic trim simulation to evaluate the strain distribution under cruise condition.

Damage scenarios were generated by defining an ellipsoidal region in the wingbox mesh and modifying
the material properties of the elements inside that region. This provides a controlled numerical surrogate for
localized material deterioration while allowing the damage location, size, and severity to be varied across
simulations. Figure A.1 shows one example comparing the undamaged and damaged mid-plate strain fields.
The solid line marks the deteriorated material region, while the dashed line marks a reference region away
from the defect. Although the material change is applied locally, an obvious strain variation appears in the
non-local reference region. This indicates that strain perturbations propagate through the coupled wingbox
structure rather than remaining confined to the defect location.

The strain map of the damaged and undamaged wingbox are then used to synthesize readings at various
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sensor sites in the network. The sensor features, containing the coordinates and orientation, are generated
randomly for evaluation. A DeepSets encoder applies a multi-layer perceptron to each sensor vector and
maps it into a single design vector that is permutation invariant [56]. That context conditions a normalizing
flow, which applies a sequence of invertible deformations so a simple reference density becomes a flexible
approximate posterior with a Gaussian distribution. BOED trains this model by minimizing the average
probability density function for simulated true latent parameters, which is damage state or severity, from
the generative model for many random designs and scenarios [25]. The objective of the BOED model is to
minimize the posterior loss while maximizing EIG about the latent parameter. After training, sensor layouts
are ranked by estimated EIG, with larger scores indicating more informative and optimal sensor placements.

2.3 Air SHIELD Detection: Machine Learning Architecture for Damage Classification
For damage classification, Air SHIELD Detection uses Graph Neural Networks (GNNs) as the pri-

mary machine learning architecture. Convolutional neural networks are widely used for damage detection
[57, 58], but their reliance on regular Euclidean grids limits generalization to realistic structural geome-
tries. GNNs address this limitation by operating directly on non-Euclidean domains, representing sensors
as nodes and their physical or spatial relationships as edges. Through message passing, GNNs aggregate in-
formation in a geometry-consistent way, making them consistent with realistic damage propagation pattern
[59–61]. Recent studies demonstrate strong SHM performance using GNNs, including high detection and
localization accuracy on realistic aircraft structures [62–64].

To construct inputs for the GNN, sensor locations and recorded data for each node are mapped into a
graph representation by a Graph Mapping Function. Sensor coordinates are projected onto the nearest points
on the mesh. The node feature of each sensor reading is obtained by weighted interpolation of the associated
surface mesh vertex data. Adjacency weights between sensors are computed based on the pseudo-geodesic
distance between their projected points along the surface mesh, with weights decaying with distance.

The proposed framework has two GNN architectures, as illustrated in Fig. A.3. The first GNN performs
global damage detection at the graph level. If damage is detected, the second GNN is used to perform dam-
age localization and damage type classification. The damage detection network uses three stacked Graph
Convolutional Network (GCN) layers with ReLU activation and Dropout regularization [59, 65, 66]. Global
max pooling is applied to capture salient node responses, enabling rapid global damage detection. The
pooled representation is mapped to a scalar through a fully connected layer, and sigmoid activation function
maps it to the damage probability. As a binary classification task, the network is trained using Binary Cross-
Entropy loss [67]. The second GNN performs point-wise damage type and localization classification. Since
the updated node embeddings are defined on sensor nodes and their dimensionality does not match the point-
cloud’s, the embeddings are interpolated onto the surface point cloud. Specifically, for each point, features
are obtained by geodesic-distance–weighted interpolation of the neighboring sensor embeddings, yielding a
point-wise embedding consistent with the point-cloud size. Additional GCN layers are then applied.

A Multi-Layer Perceptron maps the embeddings to two outputs: overall damage probability (or severity)
and probability of each damage type [68]. The network is trained using a two-part loss function. Damage
localization is supervised by aligning the predicted damage distribution with a target distribution constructed
from simulated damage locations, using Jensen–Shannon divergence [69, 70]. Damage type classification is
supervised using a masked cross-entropy loss, applied only at points where the predicted damage probability
exceeds a predefined threshold. The total loss is the weighted sum of these two terms.

3 Concept of Operations
To support smooth transition across departments without prior experience in sensor data analysis, this

ecosystem builds on established digital platforms used by Airbus and Boeing. Strain data are interrogated
from the Air SHIELD Sensing Cluster and processed using Air SHIELD Detection. Results are trans-
ferred to a centralized data repository and integrated into the shared platform. This workflow enables coor-
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dinated decision-making and supports timely maintenance planning and inspection actions when required.

3.1 Data Pipeline and Connections
Onboard data transfer is organized into four hierarchical tiers. Tier 1 focuses on hardware integration

and data collection, including the Air SHIELD Sensing Clusters, interrogator, and micro-controller unit
(MCU). Based on a scheduled or event based trigger, the MCU initiates PZT excitation and interrogator
acquisition. The interrogator and MCU function as the cluster head and convert raw sensor signals into pro-
cessed strain data. Tier 2, a communication point, connects each cluster head to the data processing module.
Data are forwarded to Tier 3, which performs damage evaluation and system level decision making. When
outputs exceed predefined thresholds, the system logs the data, issues a cockpit alert, and transmits the event
to the airline maintenance server. During inspection, maintenance personnel verify the alert and schedule re-
pair if Structural Repair Manual limits are exceeded. Following repair, a calibration burst establishes a new
baseline for continued model operation. Processed results are stored in Tier 4, the central data repository,
which archives sensor data, damage assessments, and structural response histories. These records support
maintenance planning, parts availability, and long term use for structural analysis and aircraft design.
3.2 Overall Internal Software Integration

The Air SHIELD development for the sensor network requires minor changes to the overall Aircraft
internal software onto the shared platform with other sensor networks. Air SHIELD’s in-flight systems use
current onboard noncritical Ethernet systems to integrate data from the sensing clusters and transport it to
the dashboard alert system and the flight data recorder. Data is then streamed over OEM health monitoring
systems, for example Boeing’s Aircraft Health Management [10] or Airbus’ Skywise Health Monitoring
[71]. Data is transported over the Aircraft Communications Addressing and Reporting System satellite [72].

Post-flight sensor data is automatically and wirelessly transmitted via the Quick Access Recorder to
the airline data processing centers [72]. Pre-established predictive maintenance software, such as Aircraft
Condition Monitoring System [73], is already a key predictive maintenance tool that Air SHIELD would
onboard for analysis for individual system degradation. Boeing’s Condition-Based Scheduled Maintenance
or Airbus’ Skywise Predictive Maintenance is the OEM’s system for scheduling and cycling maintenance
actions using data, leveraging AI and machine learning [74, 75]. This system sets the optimal maintenance
and intervention recommendations based on predictive analysis and adjacent maintenance processes. Data
provides airlines with actionable insights to maintain the airworthiness of their fleets.
3.3 Interoperability and Training

Deployment of Air SHIELD requires additions to Pilot Operating Handbook to integrate the Air
SHIELD dashboard system alerts into standard procedures [76]. The airlines train pilots to handle the
event of a detection by limiting flight maneuvers or declaring an emergency landing, thereby leading to
safer flights.

Additions are required to both Boeing and Airbus’ Aircraft Maintenance Manuals to integrate sensor
maintenance, condition-based maintenance, procedures for detection events [77]. The Airliners and Main-
tenance Repair Training program trains maintenance crews for both the A and C checks for sensor repair.
Data-driven by condition-based maintenance changes overall maintenance scheduling and location inspec-
tions. In the event of a detection, the airlines move the aircraft to unscheduled maintenance and then di-
rectly to heavy maintenance, where technicians locate the issue and begin repairs in accordance with sensor
location detection. This workflow, shown in Fig.3.1, will be executed by expanding the existing health-
monitoring platforms used by Airbus and Boeing.
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Figure 3.1: Operational workflow from in-flight anomaly detection to post-flight inspection and coordination

4 Path to deployment by 2035
Successful deployment in commercial aviation by 2035 requires a structured transition plan. Key el-

ements include evaluation of the compliance with federal certification requirements, technology readiness
level (TRL) of each subsystem, training for pilots and maintenance personnel, timeline with actionable
plans, assessment of return on investment, and identification of technical and operational risks.

4.1 FAA Regulation and Training Requirements
For integration into commercial aviation structures, compliance to standards and regulations is required

for approval and implementation into the industry as displayed in Fig. 4.1, which include specific standards
and timeline based on the guidelines from official documents listed in [1, 78–89]

Figure 4.1: Standards and rules for approval
4.2 Technology Readiness Level

Table 4.1 summarizes the current TRL of each subsystem using the criteria defined in [90]. The primary
development is Air SHIELD Detection model based on in-flight strain measurements. It must accurately
detect damage initiation, track damage progression, and estimate structural life under operational loading
conditions. In parallel, Air SHIELD Sensing Cluster requires validation through testing in a relevant flight
environment. Completion of these items supports advancement of the full system to TRL 9 by 2035.

Subsystem TRL Current Status and Development Gaps
Air SHIELD Detection 3 Widely deployed across various applications. Development, training,

and validating model for damage detection and localization using
structural data is required to maintain detection accuracy.

PZT strips (Sensing
Cluster)

4 PZT strips have been evaluated in controlled laboratory environ-
ments alongside FBG sensors. Further work requires refining sensor
layout to ensure full surface coverage within effective sensing range.

Interrogation System 4 Waveform generation and signal interrogation hardware have been
validated in laboratory settings. Integration and installation on air-
craft platform are required to demonstrate operational readiness.
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Subsystem TRL Current Status and Development Gaps
Air SHIELD Optimizer 4 Multiple methods have been reported in literature. Development and

validation of our optimization framework is required to maximize
probability of detection while ensuring complete structural coverage.

FBG sensor (Sensing
Cluster)

6 FBG sensors have been demonstrated on existing aircraft structures
and ground infrastructure. Additional validation through extended
flight testing on commercial aircraft is required to advance to TRL 9.

User Interface 9 Established maintenance and monitoring platforms exist within Air-
bus and Boeing ecosystems. Additional development is required to
integrate SHM outputs into these platforms for operational use.

Table 4.1: Current key technology subsystem capabilities and path to TRL advancement

4.3 Associated Risks and Mitigation
To ensure safety and reliability, risks associated with implementing Air SHIELD must be minimized.

Risk and corresponding mitigation are detailed in Table 4.2 and evaluated based on likeliness (1-5) and
severity (1-5).

Table 4.2: Risk Table and Mitigation

4.4 Timeline
The timeline for implementing Air SHIELD spans from the present to 2035 detailing initial research to

full industry implementation. In Fig. 4.2, the timeline is categorized into four primary development stages.

Figure 4.2: Estimated timeline with key action plans
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4.5 Return on Investment
Success after deploying Air SHIELD is measured by cost savings. Cost serves as the primary metric

as it reflects the long term viability of the technology. Lower maintenance cost supports sustained adoption
across fleets. Reduced inspection time and improved operational efficiency also lower energy use during
maintenance activities. Increased aircraft availability reduces fuel burn per revenue seat mile and lowers
emissions, aligning with the objective of sustainable aviation. Implementing Air SHIELD on commercial
aircraft improves efficiency of scheduled maintenance, specifically C check. During a C check, the interior
aircraft seats and panels are removed, enabling maintenance crews to inspect the aircraft structure for cracks
[91, 92]. The inspection process requires about 5 days for removing and reinstalling the aircraft interior.
Air SHIELD replaces the need for visual inspection during C check, which greatly reduces labor cost by
eliminating the man hours required for visual inspection [92]. The financial benefit gained from SHM’s
reduction in C check labor BLbr is a function of the man hours required for visual inspection and the hourly
wage of aircraft maintenance technicians. Additionally, the C check duration is greatly decreased, allowing
the aircraft to return to operation and earn revenue for the operator. The benefit of increased operation BOp

is a function of the operators profit per flight hour. The aircraft operator incurs a cost from implementing
SHM systems on an aircraft. Cost can be broken down into sensor integration cost Cint and aircraft operation
cost COp [91]. Both Cint and COp are functions of the sensors required, determined by the aircraft size. This
is estimated from the total length of frames and stringers across the aircraft and detection range of the Air
SHIELD Sensing Cluster [91].

Cost Benefit

CSHM $119,860 BLbr $856,800
Cint $120,000 BOp 570 hr
COp $172,008
CTotal $411,868 BTotal $856,800+

Table 4.3: Cost and Benefit of SHM System on 737
NG Using Hybrid FBG sensors and PZT

When applied to a Boeing 737 NG, it is clear
that the benefits of Air SHIELD far outweigh the in-
curred cost. Based on the fuselage parameters listed
in Table A.2 in the Appendix, it is found that about
5000 sensors are required to detect the entire fuse-
lage structure [93]. This includes FBG sensors and
PZT placed using the SPO algorithm. This conser-
vative estimate spaces sensors 20in apart, resulting in
100 % overlap between sensors. Assuming a cost of
$24 per sensor, and an installation cost of $120,000,
Cint is calculated. The benefit of labor is found by es-
timating the man hours required for visual fuselage structure inspection during the C check. The operational
Benefit, BOp, is the time saved during C check. The dollar amount of benefit gained from reduced time
is dependent on the operator, and noted as + in the total benefit. Sample calculations for B777-200 and
B737NG using FBG only in shown are Table A.3 and A.4 in the Appendix.

The increase in cost of operation is a function of the increase in mass from adding Air SHIELD based
on a typical 737 NG flight of 900 nmi range. To estimate the additional mass of Air SHIELD, the selected
hardware includes FBG sensors, PZT, an optical fiber switch, a PZT controller, a tunable laser, an optical
circulator, a photodetector, and a digitizer and oscilloscope [94–101]. High frequency strain sampling with
combined PZT actuation and FBG sensing requires more supporting hardware than an FBG only configura-
tion. To limit system mass while preserving measurement fidelity, the proposed architecture adopts a zonal
interrogation strategy. Rather than interrogating the full sensor network simultaneously with a dedicated
hardware channel for each fiber, the architecture partitions the network into three interrogation zones. The
multiplexing capability of FBG sensors supports allocation of 30 sensors per fiber. An optical switch and
splitter sequentially route the optical source to zone 1, 2, and 3. This zonal interrogation approach reduces
total interrogation hardware mass by a factor of 5.5. For the 737NG, the Air SHIELD Sensing Clusters
result in a small weight addition of 183 lbs, or 0.2% increase in operating empty weight [93].
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5 Demonstration of Air SHIELD using FBG Sensors

Figure 5.1: FBG installation on
composite panel

One critical capability of Air SHIELD is the ability to detect BVID
on composite structures. As discussed in Section 2.2.3 and summarized
in Table 2.1, BVID is among the most concerning composite damage
modes as internal delamination and matrix cracking can significantly re-
duce residual strength while remaining visually inconspicuous. FBG pro-
vides the capability to detect BVID, which is typically impossible to lo-
cate via visual inspection [39, 40]. Difficulty detecting BVID has been
a deterrent to the implementation of composite structures in commercial
aviation, as operators and OEMs must account for inspection complexity,
maintenance burden, and structural risk. By enabling continuous in-situ
damage detection, Air SHIELD helps close this gap and supports confi-
dent use of composite aircraft structures [46–50].

To demonstrate the ability of FBG to detect and locate BVID, an ex-
perimental panel was constructed. A 3 mm x 12 in x 12 in isotropic quasi
solid carbon fiber sheet, with 90 and 45 degree fabric schedules, was cho-
sen to be representative of a composite aircraft structure. Two HBK FS70FBG were installed on the panel,
in accordance with the manufacturer specification [102]. The installation locations of each sensor were
recorded and are used for data analysis. Figure 5.1 demonstrates the FBG on the composite panel.

Figure 5.2: BVID Experimental
Setup

To impart BVID to the composite panel, a 500 g weight is dropped
onto the center of the panel from increasing heights [103]. A steel rule
was used to measure the height which the weight was dropped from. The
impact energy is measured in ft-lb and is the product of the weight and
height from which the weight is dropped from. The impact energies tested
are presented in A.5. In between each impact, data is collected from both
FBG sensors. The wavelengths measured by the sensors is later analyzed
to determine is BVID has occurred.

To analyze the sensor readings and detect BVID, a baseline reading
was taken first. The baseline showed that wavelengths between 1520.26
nm and 1530.26 nm indicated that BVID had not occurred. Next, wave-
lengths are recorded after each impact test. A wavelength outside of the
baseline reading band indicates that BVID has occurred. This was re-
peated for all data sets. In Figure A.4, it is clear that wavelength readings increased following more en-
ergetic impacts, signifying that BVID has occurred. Ultimately, this experiment successfully demonstrates
Air SHIELD’s ability to detect BVID on composite materials.

6 Conclusion
Air SHIELD, a revolutionary and autonomous SHM technology, is designed to improve aircraft safety

and reduce operating costs while supporting continuous structural state awareness. The system integrates
advanced sensing, physics-based simulation, and learning-based inference to enable early damage detec-
tion, localization, and classification. It improves decision making efficiency and supports condition-based
inspection strategies across the aircraft life cycle. Case studies illustrate that the addition of Air SHIELD
saves $9.13 per flight hour by reducing maintenance costs. Across the aircraft’s operational lifetime, the
system saves the operator $444,932 while also increasing the aircraft’s utilization by 570 hours. BVID was
also sucessfully detected on a composite plate using FBG sensors. A systematic development and validation
timeline supports progressive risk reduction and system maturation. Based on the defined architecture, mod-
eling fidelity, and deployment strategy, the technology aligns with certification and operational constraints
and supports transition to real-world aircraft applications by 2035.
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A Appendix
*** Expanded Analyses
Additional research, modeling, and experiments have been incorporated throughout the technical report to
address the judges’ comments and present the topic in a more detailed, rigorous, and cohesive manner.
Below is a summary of the major updates made since the proposal submission.

• The team conducted a preliminary case study using the NASA CRM wingbox for the Air SHIELD
Optimizer. The wingbox was used as the benchmark mesh for generating undamaged and damaged
cases. Undamaged scenarios were simulated by applying load conditions based on FAA Part 25
load requirements. Damaged scenarios were simulated by locally reducing the Young’s modulus of
selected elements within the defined damage region. The BOED model used these results as ground
truth data and produced a list of optimal sensor layouts after running a series of amortized machine
learning models.

• Extensive research was completed to evaluate and highlight the benefits of utilizing Air SHIELD
Sensing Clusters for detecting corrosion and delamination in composite materials.

• The team conducted an initial experiment to detect BVID through a series of drop tests that intro-
duced damage at different energy levels on a composite panel instrumented with FBG sensors. Mea-
surements from the FBG sensors successfully demonstrated the ability to detect damage in composite
panels.

Damage Type Description
Accidental Damage Results from unplanned external events such as barely visible im-

pact damage and bird strikes. These events introduce localized
deformation or internal damage that degrades structural integrity
and threatens airworthiness if undetected.

Environmental Deterioration Includes corrosion, erosion, oxidation, and moisture absorption
driven by atmospheric exposure and material composition. The
presence of dissimilar materials, such as metals and carbon fiber
composites, increases susceptibility to galvanic corrosion.

Fatigue Damage Develops under cyclic loading, vibration, and fluctuating stress
during flight operations. Progressive crack initiation and growth
weaken structural components and raise the risk of catastrophic
structural failure.

Table A.1: Representative Aircraft Damage Type and Descriptions
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(a) Undamaged case (b) Damaged case, rE = 0.7

Figure A.1: Mid-plate strain comparison. The damaged case has decay factor of rE = 0.7. The solid line
marks the local deteriorated material region, while the dashed lines mark some non-local reference regions
where strain variation is observed.

Figure A.2: Visual representation of inputs and outputs for Air SHIELD Detection model
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Figure A.3: Architecture of the proposed GNN framework: global damage detection (left) and damage
localization and classification (right).

To calculate the required amount of Air SHIELD Sensing Clusters, the following assumptions and calcu-
lations were performed, based on a 737NG aircraft, with relationships highlighted in Eq. 1, 2, and 3.

Parameter Value

Number of Frames (nframes) 60
Number of Stringers (nstringers) 60
Fuselage Diameter (Dframes) 148 in
Fuselage Length (Lstringers) 1200 in
Sensor Spacing (Scluster) 20 in

Table A.2: Fuselage Design and Sensor Spacing Parameters

Ltotal = nframes ×Dframes ×π +nstringers ×Lstringers (1)

Ltotal = 60×148×π +60×1200 ≈ 99,897 in (2)

nclusters =
Ltotal

Scluster
=

99,897
20

≈ 4,995 (3)

Cost Benefit

CSHM $332,040 BLbr $906,667
Cint $120,000 BOp 278 hr
COp $454,158
CTotal $906,198 BTotal $906,667+

Table A.3: Cost and Benefit of SHM System on B777-200
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The combination of FBG and PZT sensors is critical to the positive return on investment of Air SHIELD.
In a case where a SHM system is made with only FBG sensors, the cost of acquisition and operation greatly
increase, resulting in a cost of $8,000,000 across the aircraft’s lifetime, while only yielding a benefit of
$856,000.

Cost Benefit

CSHM $6,147,528 BLbr $856,800
Cint $120,000 BOp 570 hr
COp $1,879,872
CTotal $8,147,400 BTotal $856,800+

Table A.4: Cost and Benefit of SHM System on 737 NG Using Only FBG

Weight (lb) Height (ft) Impact Energy (ft-lb)
1.1 0 0
1.1 0.0417 0.046
1.1 0.25 0.275
1.1 0.5 0.55
1.1 0.75 0.825
1.1 1.0 1.1

Table A.5: BVID Impact Energy

Figure A.4: BVID Wavelengths vs Baseline
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