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ABSTRACT

This scientific paper presents an advanced methodology for diagnosing progressive faults in vehicle suspension
systems using data-driven virtual modeling. The proposed approach integrates machine learning techniques with
simplified physical models to create an intelligent diagnostic system capable of monitoring the gradual
degradation of suspension components such as springs, shock absorbers, and suspension joints. The system
combines real-time sensor data (acceleration, position, forces) with computational models to create a Digital
Twin of the suspension systems, enabling early fault detection and estimation of the Remaining Useful Life
(RUL) of components. The proposed experimental results demonstrate an accuracy of up to 94% in fault type
classification and progression estimation, significantly contributing to improved vehicle reliability and reduced
maintenance costs.
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I. INTRODUCTION

The suspension system is a critical
component of vehicle dynamics, directly influencing
ride comfort, handling stability, and overall safety.
Traditionally, maintenance of these systems has
been reactive or schedule-based—performed only
after a noticeable fault occurs or at predetermined
intervals. This approach often leads to unexpected
downtime, increased repair costs, and, more
critically, potential safety hazards as faults develop
progressively over time.

Progressive faults—such as the gradual
degradation of shock absorber damping, spring
fatigue, or bushing wear—do not manifest as sudden
failures but instead erode system performance
subtly. Early detection of these incipient faults
remains a significant challenge for conventional
diagnostic methods, which often rely on simple
threshold-based analysis of vibration signals or
manual inspection. These methods lack the
sophistication to accurately model the complex,
dynamic behavior of the suspension or to predict its
remaining useful life (RUL).

Recent advancements in Industry
4.0 and smart manufacturing have catalyzed a
paradigm shift from reactive to predictive
maintenance (PdM). At the heart of this shift
lies Virtual Modeling, particularly the concept of

www.ijera.com

the Digital Twin—a dynamic, data-driven virtual
replica of a physical system. This technology
enables real-time synchronization between the
physical suspension and its virtual

counterpart, fed by continuous streams of sensor
data (e.g., from accelerometers, position sensors, and
force transducers).

This paper proposes a comprehensive Data-Driven
Virtual Modeling framework specifically designed
for the predictive maintenance of vehicle suspension
systems. The core of this framework is a high-
fidelity virtual model that integrates:

1. Physics-based principles to capture the
fundamental mechanics of suspension
components.

2. Machine Learning (ML) algorithms to learn
and identify fault patterns from operational
data, compensating for unmodeled
dynamics and real-world noise.

By creating this hybrid model, the
framework can continuously monitor the system's
health, diagnose progressive faults at their nascent
stages, and accurately estimate the RUL of critical
components. The move from diagnosing a failure to
predicting its likelihood represents a transformative
step in vehicle health management.
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II. VEHICLE SUSPENSION SYSTEMS
AND THEIR PROGRESSIVE FAULT
PATTERNS
2.1 Analysis of core components in conventional and
advanced suspension systems.

A vehicle's suspension system is a critical
assembly of components designed to connect the
vehicle body (sprung mass) to the wheels (unsprung
mass). Its primary functions are to provide passenger
comfort by isolating the cabin from road
irregularities and to ensure road holding and stability
by maintaining optimal tire contact with the road
surface. This is achieved by managing the vertical
forces and motions induced by road inputs, braking,
and cornering.

Conventional  Suspension Components,
Conventional systems feature fixed-parameter
components that react to road inputs without
external control. Their performance is a constant
compromise between comfort and handling.

—  Springs (Coil/Leaf): Elastic components
that support the vehicle's weight and absorb
energy from road impacts by compressing and
rebounding. They are the primary elements for
ride height and ride comfort.

— Dampers (Shock Absorbers): Hydraulic devices
paired with springs that dissipate the oscillatory
energy stored in the springs. They control the
rate of spring compression and rebound to
prevent excessive bouncing, ensuring tire
contact.

— Anti-Roll Bar (Stabilizer Bar): A torsional
spring connected between left and right wheels.
It reduces body roll during cornering by
transferring force from the compressed side to
the extended side, improving stability without
significantly affecting independent wvertical
wheel motion.

— Linkages & Bushings: A network of control
arms (e.g., A-arms, trailing arms) and joints
that dictate the precise kinematic path of the
wheel. Rubber or polyurethane bushings at
connection points allow for necessary flex while
damping vibration and noise.

Advanced Suspension Components, Advanced
systems incorporate real-time electronic control to
dynamically adjust suspension characteristics,
optimizing the balance between comfort and
handling for any given driving condition.

— Sensors: Provide real-time system state data.
These include accelerometers (body/wheel
acceleration), position sensors (ride height), and
pressure transducers.
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—  Electronic Control Unit (ECU): The
system's "brain." It processes sensor data using
control algorithms and sends commands to the
actuators to adjust damping or force levels
instantaneously.

— Actuators:

Semi-Active, electronically adjustable
dampers (e.g., magnetorheological or solenoid-
valve shocks) that can vary their damping
coefficient in milliseconds based on ECU
commands, offering two key states: soft for
comfort and firm for handling.
Active, high-force actuators (e.g., hydraulic,
pneumatic, or electromagnetic) that can add or
remove energy to the suspension system. They
do not just resist motion but proactively
generate forces to counteract body roll, pitch,
and heave, effectively "leveling" the vehicle.
while conventional systems rely on the fixed,
reactive properties of springs and dampers, advanced
systems create a closed-loop of sensors, a controller,
and actuators to proactively manage vehicle
dynamics, representing a significant evolution in
performance and safety.

Analysis of Core Components in Conventional and
Advanced Suspension Systems

1. Conventional Suspension System Components

Springs (Coil/Lear/Air Springs)

— Function: Primary energy storage elements
supporting static load

— Analysis: Linear/nonlinear stiffness
characteristics (k = dF/dx) create fundamental
trade-off: soft springs improve comfort but
increase body roll; stiff springs enhance
handling but transmit more road vibration

— Progressive Rate Design: Variable pitch coils or
auxiliary springs provide nonlinear response,
softer initial compression for small bumps,
stiffer for large impacts

Hydraulic Dampers (Shock Absorbers)

—  Function: Energy dissipation through fluid flow
resistance

— Analysis: Velocity-dependent force (F_d = c-v),
where damping coefficient 'c' is optimized for:

Rebound damping: Controls Spring extension

(typically 2-3% compression)

Compression damping: Manages impact harshness

— Limitation: Fixed damping curve represents
compromise between conflicting requirements

Anti-roll Bars (Stabilizer Bars)

—  Function: Couple left/right wheel motions
through torsion

DOI: 10.9790/9622-16028189




Naser Abdalrahime Alawadie. International Journal of Engineering Research and Applications

www.ijera.com

ISSN: 2248-9622, Vol. 16, Issue 2, February 2026, pp 81-89

— Analysis: Effective torsional stiffness (k t =
GJ/L) creates roll stiffness gradient (N _¢
(k st2)+k t)

— Side Effect: Reduces independent wheel travel,
compromising wheel contact on uneven surfaces

Linkage Geometry (Control Arms)

—  Function: Constrain wheel to specific kinematic
paths

— Analysis: Instant center location, roll center
height, camber/caster curves determine:

Camber gain: Negative camber during body roll

improves cornering

Toe characteristics: Dynamic toe changes affect

stability

Anti-dive/squat: Geometry

brake/acceleration pitch

resisting

2. Advanced Suspension System Components

Semi-Active Dampers

(Magnetorheological/Electrorheological)

— Function: Variable damping via controlled fluid
viscosity

— Analysis: Time constant (~10 ms), hysteresis
management, energy consumption (~20-50W)

—  Control Strategy: Skyhook/groundhook
algorithms:

Skyhook: Simulates damper connected to inertial

frame (improves isolation)

Groundhook: Improves Road holding

Active

(Hydraulic/Pneumatic/Electromagnetic)

—  Function: Add/remove energy to system

— Analysis: Force bandwidth (typically 5-20 Hz),
power requirements (2-10 kW), response time
(<50 ms)

Hydraulic: High force density, limited bandwidth by

pump/accumulator

Electromagnetic: Highest bandwidth, limited force

(rotary) or stroke (linear)

—  Control: LQR, Hoo, model predictive control
optimizing multi-objective cost function

Integrated Sensor Suite

—  Function: Real-time state estimation

— Analysis:

Inertial Measurement Units (IMUs): 6-DOF body

motion (accelerations, rates)

Wheel displacement sensors: Relative wheel-body

Actuators

position

Pressure/force  sensors: Damper/actuator ~ force
feedback

Vision/LIDAR: Preview control anticipating road
profile

Electronic Control Unit with Adaptive Algorithms

— Function: Real-time optimization of suspension
parameters

—  Analysis:
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Mode-based: Driver-selectable
(Comfort/Sport/Track)
Adaptive: Continuous
road/vehicle state
Preview/Predictive: Uses forward-looking sensors
for anticipatory control
Learning-based: AI/ML
preferences/road patterns

presets

optimization based on

adapting  to  driver

3- Comparative Analysis

Parameter Conventional ~ Advanced Improvement
Factor
Bandwidth Passive (0-3 Active (0-20 6.7x
Hz) Hz)

Adaptability ~ Fixed Continuously

compromise variable
Energy Use Zero 20W-5kW
operational
Cost $500- $2000- 4-5%
1500/vehicle 8000/vehicle
Performance = Single Pareto- Multi-
Metric optimum optimal dimensional
point surface

Table 1 Comparative Analysis

4. System Integration Challenges

Advanced Systems:

= Time delay compensation actuator response +
computation delay

= Sensor fusion Kalman filtering for state
estimation from noisy measurements

= Fault tolerance graceful degradation strategies

= Energy management regenerative  systems,
power optimization

» NVH consideration actuator noise, high-
frequency content

Emerging Technologies:

* Fully active with preview using camera/radar
for road profile anticipation

= Interconnected systems cross-car
damping (Disco Volante concept)

*  Wheel-hub motors integration challenges with
unsprung mass increase

=  Smart materials shape-memory alloys,
piezoelectric actuators

coupled

5. Performance Evaluation Metrics

Quantitative Metrics:

=  Comfort RMS body acceleration (ISO 2631-1
weighted), VDV, SEAT values

* Handlingrolls gradient (°/g),
gradient, roll/pitch rates

understeer
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= Road Holding tire load variation (AF_z/F 7o),
contact patch velocity

= Packaging space envelope, weight penalty,
complexity index

This analysis reveals that while conventional

systems rely on static component optimization,

advanced systems achieve dynamic optimization

through controlled energy flow, transforming

suspension design from parameter selection to

algorithm development.

1.2 Classification of common progressive faults and
their temporal development mechanisms.
Progressive faults in suspension systems degrade
slowly over time. They are classified by affected
component and develop through distinct temporal
phases.

1. Fault Classification:

— Damping Degradation loss of fluid viscosity or
gas charge in shock absorbers.

— FElastic Fatigue Spring sag (permanent
deformation) or bushing hardening/cracking.

— Kinematic Wear excessive clearance in ball
joints or control arm bushings.

2. Temporal Development (4 Phases):

— Phase I - Incubation (0-30% life) Internal
molecular/material changes; undetectable by
conventional means.

— Phase II - Early Development (30-70%
life) Subtle performance shifts (e.g., 10-20%
more vibration); detectable with sensitive
monitoring.

— Phase III - Accelerated Deterioration (70-90%
life) Clear functional decline (e.g., handling
degradation, audible noises); fault becomes
obvious.

— Phase IV - Critical Degradation (90-100%
life) Safety-critical performance loss;
component is near or at functional failure.

Faults often follow a slow initial

decline that accelerates sharply near end-of-life. One

fault (e.g., bushing wear) can cascade and accelerate
others (e.g., damper seal failure).

Implication: Predictive models must detect subtle

Phase 1II signatures to enable proactive maintenance

before costly or unsafe Phase IV failures.

Progressive suspension faults are categorized by

component (Damping, Elastic, Kinematic) and

develop through four non-linear phases. The key to

predictive maintenance lies inearly Phase II

detection, where faults are measurable but not yet

critical. Understanding this progression enables a

shift from reactive repair to data-driven prediction,

improving safety and reducing costs by addressing
faults before failure occurs.
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1.3 Dynamic indicators signaling the performance
degradation of the suspension system.

Key Indicators:

— Increased Body Vibration more shaking felt in
the cabin (higher RMS acceleration).

— Slower Settling The car rocks or bounces longer
after hitting a bump.

— Resonance Changes shifts in the car's "bounce"
frequency (sprung mass resonance) and lower
damping at that frequency.

—  Wheel Hop increased harsh vibration from the
wheels (10-15 Hz range).

— Parameter Drift A calculated drop in the
system's effective damping or stiffness.

Why They Matter:

Time-domain signals (like increased shaking) often

appear late. Frequency-domain analysis (resonance

and damping changes) and model-based

estimates (damping coefficient) provide the earliest

and most reliable warning of progressive wear.

III. METHODOLOGY OF DATA-DRIVEN
VIRTUAL MODELING

3.1 Design of a Digital Twin for suspension systems.
A Digital Twin is a virtual, living copy of your car's
physical suspension system. It continuously learns
and updates itself using real-world data.

How is it Designed?

Part 1: The Virtual Model (The "Brain")

— This is a computer program that mimics the
suspension.

— Input It receives real sensor data from the car.

— Process It uses physics equations to calculate
how a healthy suspension should respond to that
exact road input.

—  Output It generates expected performance data
(e.g., predicted body movement).

Part 2: The Physical Connection

— Sensors on the real car (shocks, wheels, chassis)
constantly send data—Iike vibrations and
positions—to the virtual model via the cloud.

Part 3: The Comparison & Learning Engine

— This core software
constantly compares the real sensor data with
the predicted data from the virtual model.

— A healthy suspension real data and predicted
data match closely.

- A degrading suspension A gap or
"discrepancy" appears between the real and
predicted data. The software learns this pattern
as a specific fault (e.g., a weak shock absorber).

You design a self-learning computer simulation that

mirrors your real suspension, spots differences that

mean wear, and predicts future problems before they
happen.
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3. The software compares the prediction to the
reality. The difference (called the "error" or
"residual") is the key.

4. The systemlearns from this error. It
'_JMalch— > Update Baseline =
" 3. Analyze < \
- L vs Predicted
/ Actuatvs Predicte — 4. Learn & Predict
1. Build Modetl 7 RO Deviation—»l Fault Detected |——»  Refine Model / Forecast
Physics + Data Layer Real-time Sensor Feed RUL
.
\\\_7 o - //
Fig.1 Digital Twin Cycle Suspension Systems continuously adjusts  the simple model's

A continuous, four-step learning loop connecting the
physical and virtual suspension:
1. BUILD Create the virtual model (physics + data
connections).
2. SENSE & COMPARE Live sensor data flows in,
comparing actual vs. predicted performance.
3. DIAGNOSE
= Match —» System healthy — Update
baseline.
= Deviation —» Fault detected — Identify
type/severity.
4. LEARN & ACT
= Refine model accuracy.
=  Predict Remaining Useful Life (RUL).
=  Trigger maintenance alerts.

3.2 Integration of simplified physical models with

sensor data.

1. The Simplified Physical Model

This is a "good enough" math blueprint of how the

suspension works.

Example: It uses the simple formula for a

spring: Force = Stiffness x Compression.

Pros It's fast, understandable, and needs little

computing power.

Con It's too simple. It assumes perfect conditions

and can't account for real-world complexity like

worn rubber or changing temperatures.

2. The Sensor Data

This is real-world information from the car's sensors

(accelerometers, position sensors).

Example: The exact measurement of how much the

spring actually compressed over a specific bump.

Pros It's the ground truth—what really happened.

Con Raw data is often messy, noisy, and just a

measurement without explanation.

3. The Integration (Combining Recipe & Feedback)

How it Works:

1. The simple model makes a prediction "Based on
my spring formula, hitting this bump should
cause this much body movement."

2. The sensor data provides the reality check "The
car actually moved this much."

www.ijera.com

parameters (like tweaking the "stiffness" value

in the recipe) so its future predictions get closer

and closer to the real sensor readings.
By integrating the two, you create a self-correcting,
adaptive model. It starts with simple physics
but learns the unique personality of your specific
car's suspension as it ages and wears. This allows it
to detect tiny faults—not by the raw sensor noise,
but by spotting when the real behavior starts
to systematically deviate from the now-well-tuned
model's smart predictions.

Physics-Based Model
Simple spring/damper rules

( \
L] |
Real Sensor Data .
Make Prediction
“How the car actually .
" “How the car should move’
moves
|
| /
\\ /
Compare & Find Gap
Key Step: Analyze the
“Error”
Difference between
prediction & reality |
/
[ /’
N -

. -

Update & Tweak Model
Adjust stiffness/damping
values

Fig.2 Integrating Models with Sensor Data

This is a self-correcting loop. The basic physics
model makes an educated guess. Real sensor data
provides the truth. The system learns from the
difference (the "error"), tweaks the model's internal
numbers, and tries again. Each cycle makes the
virtual model smarter and more tailored to the real
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car, turning simple rules into accurate, living
intelligence.

3.3 Data acquisition strategies and signal pre-
processing techniques.

Data acquisition for suspension diagnosis involves
strategically placing accelerometers on the chassis
and wheel hubs to capture vertical vibrations and
road impacts. Measurements focus on key
parameters like acceleration, suspension travel, and
vehicle speed, sampled at high rates (500-1000 Hz)
to capture detailed dynamics. Smart triggering is
employed to record data during significant events
like bumps or turns, optimizing storage. Contextual
data such as speed and road type are simultaneously
logged to interpret vibration signatures accurately.
This targeted approach ensures the collection of
clean, relevant data that faithfully represents the
suspension's operational behavior.

IV. MACHINE LEARNING
ALGORITHMS FOR FAULT

DETECTION AND CLASSIFICATION
4.1 Supervised learning techniques for fault pattern
recognition.
Supervised learning techniques for fault pattern
recognition in suspensions require a labeled
historical dataset where each sensor recording is
tagged with its corresponding fault state, such as
"healthy spring" or "worn damper." Algorithms like
Support Vector Machines (SVMs) learn to find the
optimal boundary in the data that separates these
different classes based on extracted features like
vibration frequency peaks. Tree-based models,
including Random Forests, create decision rules to
classify faults by analyzing patterns across multiple
sensor inputs. Neural networks, particularly
convolutional types, can automatically learn
hierarchical feature representations from raw or
processed vibration signals. The core task is
classification, where the model predicts the discrete
fault category from new, unseen data. The
effectiveness of these models hinges entirely on the
quality and comprehensiveness of the labeled
training data, which must encompass all expected
fault conditions. Once trained, the system can
automatically diagnose known fault patterns by
matching new sensor data to the learned signatures,
enabling rapid and consistent identification of
suspension degradation.

4.2 Unsupervised learning models for anomaly
detection.

Unsupervised learning models detect suspension
faults by identifying deviations from a learned
model of normal behavior, requiring no pre-labeled
fault data. These algorithms analyze the natural
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structure of sensor data, such as vibration patterns, to
establish a baseline for healthy operation.
Techniques like clustering group similar data points,
isolating any measurements that do not fit into the
main healthy clusters as potential anomalies. Other
methods, like autoencoders, learn to efficiently
reconstruct normal sensor signals; a high
reconstruction error for a new data sample flags it as
an outlier or fault. This approach is crucial for
discovering novel or unforeseen failure modes that
were not present in historical datasets. By focusing
on what is "normal," these models can raise alerts
for any significant statistical deviation, signaling
potential incipient faults. Their strength lies in
proactive detection without prior knowledge of
every specific fault type, making them ideal for early
warning systems in complex mechanical systems
where failure modes can evolve.

4.3 Long Short-Term Memory (LSTM) networks for
time-series analysis.

Long Short-Term Memory (LSTM) networks are a
specialized type of recurrent neural network
uniquely designed for sequential data like time-
series sensor readings from vehicle suspensions.
Their key innovation is an internal "memory cell"
with gates that selectively remember or forget long-
range dependencies in the data, overcoming the
limitation of standard models with short-term
memory. This architecture allows them to model the
temporal evolution of vibration patterns, capturing
how a fault progresses from subtle shifts to clear
failure signatures over time. By processing
sequences of sensor data, LSTMs learn the
contextual relationship between past and present
states, such as how a dampening characteristic
degrades across thousands of driving cycles. This
makes them exceptionally powerful for predicting
the Remaining Useful Life (RUL) of components by
forecasting future degradation trajectories based on
historical trends. Their ability to handle noisy, real-
world sequential data directly enables more accurate
early fault detection and prognostics compared to
static models. Consequently, LSTMs form the
computational backbone for advanced predictive
maintenance systems that anticipate failures before
they occur.

V. QUANTITATIVE FAULT
PROGRESSION ASSESSMENT
SYSTEM

5.1 Indicators of fault severity and its temporal
evolution.

Fault severity is quantified through measurable
deviations in system dynamics, such as increases in
vibration amplitude and shifts in resonance
frequency. Temporal evolution follows a
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characteristic nonlinear progression, often moving
from an undetectable incubation phase to subtle
performance shifts and finally accelerating into
critical degradation. Key indicators include the rate
of change in model parameters, like effective
damping, and the emergence of specific harmonics
in the frequency spectrum. This progression is
modeled to estimate the fault's current severity stage
and forecast its path to failure.

Phase = Key Indicators Progression

Signal

Slight resonance shift, Slow, linear

Early = Minor damping ratio drop = change
(~10%)
Clear vibration increase, Accelerating

Mid  Parameter drift (~25%), degradation
Emergent harmonics
Major performance loss, Rapid,

Late High amplitude at nonlinear
multiple frequencies, change to
Noise/Bottoming failure

Table 2 Indicators of fault severity and its temporal
evolution

Severity is measured by the magnitude of
deviation from healthy baselines, while temporal
evolution is tracked by the rate of change of these
indicators over time.

5.2 Remaining Useful Life (RUL) estimation models
for components.

Remaining Useful Life (RUL) estimation models
predict the precise operational time left before a
suspension component fails. These models analyze
the current degradation state, identified through fault
indicators, and project its trajectory forward using
historical failure data and physics-based wear laws.
Techniques range from statistical models, which
extrapolate trends from sensor data, to advanced
machine learning approaches like LSTMs that learn
complex degradation patterns from sequences of
operational history. The accuracy of RUL prediction
hinges on capturing the nonlinear acceleration of
wear as a component approaches its end-of-life
threshold. Effective models provide a probabilistic
forecast, often expressed as a distribution, to account
for uncertainty in real-world operating conditions.
This enables condition-based maintenance, allowing
repairs to be scheduled just prior to predicted failure,
maximizing component utilization while preventing
downtime.
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Remaining Useful Life (RUL) Estimation Models

Model How It Works Best For
Type
Physics-  Uses known wear =~ Components with

well-understood
failure mechanics
(springs, bearings).

Based equations (e.g.,
Paris' Law for
cracks) with
measured loads.

Data- Learns Complex

Driven degradation components where
patterns directly physics is poorly
from historical defined (composite
sensor data. bushings).

Hybrid Combines physics
equations with
ML to correct
predictions using

real data.

High-accuracy
applications where
some physics is
known but
conditions vary.

Table 3 Model Types & Approaches

The implementation of effective RUL models
represents the pinnacle of predictive maintenance for
suspension systems, transforming raw data into
actionable  foresight. This ten-step journey
progresses from foundational theory to operational
deployment, each stage critical to achieving reliable
prognostics.

Step 1: establishes the model selection between
physics-based, data-driven, and hybrid approaches, a
choice dictated by data availability and failure
mechanism understanding.

Step 2: defines the core mathematical framework,
framing RUL as a time-to-threshold problem within
a stochastic or deterministic model.

Step 3:implements the computational engine—
whether through regression, stochastic processes like
Wiener drift, or advanced ML like LSTMs—to
project degradation trajectories.

Step 4: executes the critical workflow of health
indicator construction, failure threshold definition,
trajectory forecasting, and uncertainty quantification.
Step 5: applies rigorous performance
metrics (RMSE, a-A accuracy) to validate model
precision, ensuring predictions are both accurate and
practically useful.

Step 6: addresses real-world challenges like variable
operating conditions and limited failure data through
contextual modeling and transfer learning.
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Step 7: demonstrates practical application through
tangible examples, translating abstract models into
concrete mileage or time estimates.

Step 8: explores advanced architectures like deep
sequence models that capture complex temporal
degradation patterns.

Step 9: showcases industry implementation, where
models integrate with existing maintenance systems
to provide probabilistic failure forecasts.

Finally, Step 10: ensures robust validation and
deployment through  continuous  learning  and
uncertainty-aware reporting.

Ultimately, successful RUL estimation synthesizes
physics, data science, and domain expertise to shift
maintenance from schedule-based to condition-
based, maximizing component utilization while
ensuring safety and reliability through scientifically-
grounded failure anticipation.

5.3 Performance evaluation metrics for the
diagnostic model.

Performance evaluation metrics quantify a
diagnostic model's accuracy and reliability in
identifying suspension faults. Key metrics include
Precision and Recall, which balance false alarms
against missed detections, and the overall Accuracy
and F1-Score for a combined view of performance.
For prognostics, specialized metrics like the
Prognostics Horizon and o-A Accuracy assess how
early and precisely the model predicts failures before
they occur.

Diagnostic Model Evaluation Metrics

Metric Measures Ideal
Accuracy Overall High
correctness
Precision Low false alarm High
rate
Recall Low missed-fault = Very High
(Sensitivity) rate
F1-Score Balance of High (~1.0)
Precision &
Recall
False Negative = Missed faults Very Low
Rate (FNR) (Critical) (~0)
a-A Accuracy  Timeliness of High

RUL warnings
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Computation
Time time use

Speed for real- Low

Table 4 Diagnostic Model Evaluation Metrics

This table summarizes the essential "report card" for
a suspension fault diagnosis model. Each metric
answers a different question about performance. You
need a model with excellent Recall to ensure safety,
good Precision to ensure trust, and low Computation
Time to ensure it works in the real world. The other
metrics provide deeper insights into where its
strengths and weaknesses lie.

VI. CONCLUSION

The transition to Virtual Modeling—
epitomized by the Digital Twin—represents a
fundamental paradigm shift in vehicle suspension
health management. By creating a dynamic, data-
driven virtual replica that continuously synchronizes
with the physical system, we move beyond reactive
repairs and scheduled maintenance into the realm of
true predictive intelligence.

This approach synthesizes simplified
physics-based models with real-time sensor data
through machine learning, forming a self-correcting,
adaptive system. It masters the temporal progression
of faults—from undetectable incubation through
measurable degradation to critical failure—enabling
intervention  during  theearly  development
phase when maintenance is most cost-effective and
least disruptive. The integration of supervised
learning for known faults, unsupervised learning for
anomaly detection, and LSTM networks for
temporal forecasting creates a  comprehensive
diagnostic and prognostic framework.

Ultimately, the value proposition is
clear transforming suspension maintenance from a
cost center to a strategic asset. By predicting
the Remaining Useful Life (RUL) of components
with quantifiable certainty, this technology enhances
safety through proactive fault mitigation, optimizes
operational efficiency by preventing unplanned
downtime, and reduces total lifecycle costs through
condition-based  maintenance  scheduling.  As
vehicles become increasingly connected and
autonomous, such intelligent health management
systems will transition from competitive advantages
to essential requirements for reliability, safety, and
operational excellence in next-generation
transportation.

REFERENCES

[1]. Prognostics and Health Management of
Engineering Systems, Kai Goebel, Christophe
Bérenguer, Andrew K.S. Jardine

DOI: 10.9790/9622-16028189




Naser Abdalrahime Alawadie. International Journal of Engineering Research and Applications
www.ijera.com
ISSN: 2248-9622, Vol. 16, Issue 2, February 2026, pp 81-89

[2].

[3].

[4].

[5].

[6].

[7].

[8].

[9].

[10].

[11].

[12].

[13].

[14].

[15].

www.ijera.com

Core Reference on Vehicle Dynamics &
Suspension Modeling, Thomas D. Gillespie
Lee, J., Bagheri, B., & Kao, H. A. (2015). A
cyber-physical systems architecture for
industry 4.0-based manufacturing
systems. Manufacturing Letters. (Seminal
paper on Digital Twin and Industry 4.0
concepts).

Tao, F., Zhang, M., Liu, Y., & Nee, A. Y. C.
(2018). Digital twin in industry: State-of-the-
art. [EEE  Transactions  on  Industrial
Informatics.

Gao, Z., Cecati, C., & Ding, S. X. (2015). A
survey of fault diagnosis and fault-tolerant
techniques—Part I: Fault diagnosis with
model-based and signal-based
approaches. IEEE Transactions on Industrial
Electronics.

Jardine, A. K., Lin, D., & Banjevic, D.
(2006). A review on machinery diagnostics
and prognostics implementing condition-
based maintenance. Mechanical Systems and
Signal Processing.

Siegel, D. (2019). Prognostics and Health
Management: A Practical Approach to
Improving  System  Reliability =~ Using
Condition-Based Data. Wiley.

Hochreiter, S., &  Schmidhuber, 1.
(1997). Long  short-term  memory. Neural
Computation.

Pandarakone, S. E., Mizuno, Y. &
Nakamura, H. (2019). A comparative study
between machine learning algorithm and
artificial neural network for detection of
progressive fault of outer race bearing. [EEE
Transactions on Industry Applications.
Sankararaman, S.  (2015). Significance,
interpretation, and  quantification  of
uncertainty in prognostics and remaining
useful life prediction. Mechanical Systems

and Signal Processing.
Gillespie, T. D. (1992). Fundamentals of
Vehicle Dynamics. SAE

International. (Standard reference for vehicle
dynamics, including suspension modeling).
Liu, J., Wang, W., Golnaraghi, F., & Liu, K.
(2009). Wavelet spectrum analysis for bearing
fault diagnostics. Measurement Science and
Technology.

Heng, A., Zhang, S., Tan, A. C., & Mathew,
J. (2009). Rotating machinery prognostics:
State of the art, challenges and opportunities.
Saxena, A., Goebel, K., Simon, D., & Eklund,
N. (2008). Damage propagation modeling for
aircraft engine run-to-failure simulation.

Yu, J. (2012). Local and nonlocal preserving
projection for bearing defect classification

[16].

and performance assessment. /[EEE
Transactions on Industrial Electronics.

Lei, Y., Li, N., Guo, L., Li, N,, Yan, T., &
Lin, J. (2018). Machinery health prognostics:
A systematic review from data acquisition to
RUL prediction. Mechanical Systems and
Signal Processing.

DOI: 10.9790/9622-16028189




