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Abstract
Predictive maintenance (PdM) has become the dominant paradigm in industrial maintenance research,
driven by IoT, machine learning, and data analytics. This narrative review argues that the field’s
near-exclusive focus on predicting when failures will occur has overshadowed a more fundamental
question: why do failures happen? Examining PdM research (2010–2025) reveals a persistent gap:
most predictive models detect degradation without addressing the physical mechanisms that cause
failure, so even accurate predictions do not prevent recurrence. A physics-of-failure (PoF) approach—
rooted in root cause failure analysis (RCFA) and reliability-centered maintenance (RCM)—offers a
complementary, more durable solution when integrated with data-driven methods. A case study of
7,300 recurring spring leaf failures in a heavy truck fleet illustrates the gap: a single overlooked
mechanism—shock absorber wear causing increased dynamic stress on springs—perpetuated a cycle
that no predictive model could break. An integrated three-layer framework combining data-driven
monitoring, mechanism-based root cause analysis, and design feedback is proposed; it is a design
proposal, not yet an evaluated operational system. The projected failure reduction and return-on-
investment derive from fatigue-life calculations rather than observed field data, because the intervention
followed data collection; validating the framework and these projections with before-and-after field
data is a critical area of future work.
Keywords: predictive maintenance, physics of failure, root cause analysis, reliability-centered
maintenance, truck fleet

1. Introduction
Maintenance is one of the largest operational costs

in asset-intensive industries. In the transportation sector
alone, maintenance accounts for approximately 59% of
total vehicle operating costs [1]. For a typical heavy truck
fleet, unplanned downtime from component failures can
cost thousands of dollars per hour in lost revenue, emer-
gency repairs, and cascading supply chain disruptions.
The economic burden extends beyond direct repair costs
to include production delays, logistics disruptions, and
safety incidents [2,3].

The evolution of maintenance strategies has fol-
lowed a well-documented trajectory: reactive mainte-
nance (run-to-failure), where components are repaired
only after failure; preventive maintenance (time-based
intervals), which reduces unexpected failures but often re-
sults in unnecessary replacements; condition-based main-
tenance (CBM), using sensor data to assess actual equip-
ment condition; and predictive maintenance (PdM), using
data-driven models to forecast failures [4]. This evolution

reflects a broader shift from time-based to condition-based
and predictive strategies across industrial sectors. The
past decade has seen an explosion of PdM research, fueled
by affordable IoT sensors, cloud computing, and advances
in deep learning [5–7].

However, this review argues that the field has devel-
oped a critical blind spot. Most PdM systems are designed
to answer “when will this component fail?” but not “why
does this component keep failing?” As a result, even when
predictions are accurate, the same failures recur—often on
the same equipment, from the same root causes. We argue
that a physics-of-failure (PoF) approach, grounded in sys-
tematic root cause failure analysis (RCFA) and reliability-
centered maintenance (RCM), offers a complementary
solution. By understanding the physical mechanisms that
drive component degradation—fatigue, wear, corrosion,
overload, creep—and eliminating their root causes, or-
ganizations can achieve not just prediction, but genuine
prevention.

This paper makes the following central claim: pre-

*Corresponding author. Email: witantyo@its.ac.id, phone: +628165405389
© 2027. The Authors. Published by DRPM ITS.

JMES The International Journal of Mechanical Engineering and Sciences; Vol. 11, No. 1 (2027): 1-13



Witantyo et al/JMES The International Journal of Mechanical Engineering and Sciences/11/01(2027)

dictive maintenance, as currently practiced, primarily ad-
dresses the symptom of failure (when it will occur) rather
than its cause (why it occurs). Through a critical nar-
rative review of PdM research (2010–2025) and a case
study of 7,300 recurring spring leaf failures in a heavy
truck fleet, we demonstrate that a single overlooked fail-
ure mechanism—shock absorber wear causing increased
dynamic stress on springs—perpetuated a cycle that no
predictive model could break. We further show that PoF
and data-driven PdM are complementary approaches, and
propose an integrated three-layer framework that com-
bines the strengths of both. Section 2 describes the review
methodology and case-study methods. Section 3 presents
results and discussion. Section 4 provides conclusions.

2. Review Methodology and Case-Study
Methods

2.1. Review Approach

This paper is a critical narrative review of predictive
maintenance research (2010–2025), complemented by
a case study of recurring spring leaf failures in a heavy
truck fleet. The review was conducted through targeted
searches of Scopus, IEEE Xplore, and Google Scholar us-
ing the following search terms: “predictive maintenance”
AND (“heavy truck” OR “fleet”), “physics of failure” AND
“maintenance”, and “root cause analysis” AND “predictive
maintenance”. Studies were included if they addressed
data-driven PdM methods for vehicle or fleet applications
published between 2010 and 2025. The search was run
on 15 June 2025 and last updated on 20 June 2025. The
initial query returned 312 records (Scopus: 161; IEEE
Xplore: 89; Google Scholar: 62); after removal of 47 du-
plicates, 265 records were screened by title and abstract.
Records were excluded if they (i) were not peer-reviewed
or were non-English, (ii) addressed stationary plant, man-
ufacturing lines, or components other than vehicles or
fleets, (iii) were purely conceptual with no method or
dataset, or (iv) did not report at least one quantitative per-
formance metric. This yielded 58 full-text articles, which
were assessed against the inclusion criteria and evaluated
for study quality on the basis of dataset size, validation
methodology, and reproducibility of results. Fourteen stud-
ies were retained for detailed analysis, selected for their
relevance to the research question and for methodolog-
ical diversity (classical ML, deep learning, digital-twin,
Bayesian, and expert-system approaches). The review is
narrative rather than systematic: the search and selection
process is documented and reproducible, but no claim of
exhaustive coverage is made, and the 14 studies serve as
representative examples of persistent gaps rather than a
comprehensive census of the field.

2.2. Data Collection and Fleet Description

The primary dataset comprises maintenance records
from a fleet of 35 Volvo FMX 440/460 heavy trucks op-
erating in Indonesian mining and logistics applications

over a four-year period (2022–2025). The fleet operates
in open-pit mining and haul road conditions with high
ambient temperatures (28–38 ◦C), heavy dust exposure,
and unpaved road surfaces. Maintenance records include
component replacement events, downtime hours, repair
costs, and vehicle identification numbers. Fleet opera-
tional data was obtained from the company’s maintenance
management system, covering 7,300 spring leaf failure
events across all 35 units.

The analysis focuses on spring leaf failures as the
primary failure mode. One unit alone (DT FMX 440-2021)
recorded 342 spring failures over the four-year period,
corresponding to approximately 1.64 failures per week
(342 failures ÷ 208 weeks). A “failure event” is defined
as a documented spring leaf fracture requiring replace-
ment, verified against maintenance work orders and parts
requisition records. Duplicate entries (e.g., same event
recorded in both work order and inventory systems) were
removed during data cleaning. Each failure resulted in
2–4 hours of downtime and direct repair costs of approxi-
mately Rp 850,000–3,350,000 per event. Data collection
followed a structured protocol: failure date, vehicle iden-
tification, component position, operating hours at failure,
and repair actions taken. Failure rates were normalized
by operating hours where available; the fleet accumulated
approximately 1.2 million operating hours over the four-
year period, yielding a fleet-wide spring failure rate of
approximately 6.1 failures per 1,000 operating hours.

2.3. Root Cause Failure Analysis (RCFA) Methodology

Root cause failure analysis was conducted using a
multi-method approach. The 5-Whys technique was ap-
plied iteratively to each recurring failure event to trace
the causal chain from the observed failure mode back to
its latent root cause. Ishikawa (fishbone) diagrams were
constructed for the spring leaf failure mode, organizing
potential causes into the standard categories: man, ma-
chine, material, method, measurement, and environment.
Fault tree analysis (FTA) was used to evaluate the logical
relationships between failure events and their contributing
factors. The FTA was conducted qualitatively to identify
the most probable root cause pathways; quantitative prob-
ability estimation was not performed due to the absence of
component-level reliability data for the specific operating
conditions [9,10].

The RCFA process was complemented by field ob-
servations, maintenance staff interviews, and review of
operating procedures. This mixed-methods approach en-
sured that both technical and organizational root causes
were captured, following the methodology described by
Nowlan and Heap [10] in the foundational RCM frame-
work.

2.4. Failure Analysis Approach

Physical failure analysis was conducted on failed
spring leaf specimens to identify the failure mechanism.
The methodology included: (1) visual inspection of frac-
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ture surfaces at magnifications of 50× to 500× to identify
fatigue beach marks and striations; (2) material compo-
sition analysis using optical emission spectroscopy (OES)
to verify compliance with SUP9A spring steel specifica-
tions (0.56–0.64% C, 1.30–1.60% Si, 0.70–1.00% Mn);
(3) hardness testing (HRC) at the fracture origin and bulk
material to detect softening or hardening zones; and (4)
dimensional measurement of worn shock absorber pis-
ton rods and seals to quantify the degree of wear. The
20,000 km inspection/replacement interval used later in
the prevention strategy is an author-derived value, not
a verbatim quotation from a single manufacturer docu-
ment. It is informed by (i) OEM and industry maintenance
practice: the Volvo Trucks preventive-maintenance pro-
gram includes dedicated front- and rear-shock-absorber
inspections in its scheduled annual service [20]; and cur-
rent industry guidance for Asia-Pacific heavy fleets rec-
ommends regular scheduled shock-absorber inspection,
treating visible oil leakage — beyond normal seal misting
— as grounds for replacement, with damping performance
affected once roughly 10% of the oil volume is lost [21].
It also reflects (ii) the fleet’s own field records, in which
seal-related oil loss of 40–60% of nominal capacity and
piston-rod wear beyond the 0.10 mm service limit were
already observed at approximately 20,000 km. The pri-
mary literature basis comprises references [20] and [21];
the 20,000 km value itself is derived from the fleet’s wear
data.

The results of the failure analysis are presented in
Section 3.4. Visual inspection confirmed classic fatigue
fracture surfaces with beach marks and striations on all
examined specimens. OES analysis confirmed that the
spring material met SUP9A specifications. Hardness test-
ing showed no significant deviation between fracture ori-
gin and bulk material (HRC 38–42 vs. HRC 39–43), ruling
out material degradation as a primary cause. Shock ab-
sorber measurements revealed that units with high spring
failure rates had piston rod wear of 0.15–0.30 mm (be-
yond the 0.10 mm service limit) and seal wear resulting in
hydraulic oil loss of 40–60% of nominal capacity, confirm-
ing shock absorber degradation as the critical contribut-
ing factor. These values lie within the typical reported
hardness range for quenched-and-tempered SUP9A/SAE
5160-class leaf-spring steel (approximately HRC 38–45).
This band is a typical reported range rather than a limit
prescribed by JIS G4801, which specifies composition and
manufacture requirements but no hardness value; it is
consistent with published measurements on quenched-
and-tempered SUP9/9A-class spring steel (mean HRC 39;
individual readings HRC 37–41) [22] and with the ob-
served values, supporting the conclusion that material
degradation or a heat-treatment defect was not the cause
of premature failure.

2.5. P–F Interval Analysis

The potential-failure (P–F) interval concept from
RCM theory [10] was used to quantify the time between

when a failure condition becomes detectable and when it
becomes a functional failure. For the spring leaf case, the
theoretical P–F interval was estimated by analyzing the
time from initial fatigue crack initiation (detectable via
vibration monitoring) to final fracture (functional failure).
This analysis provides the theoretical basis for both predic-
tive and preventive intervention strategies, as formalized
in Equation 5. The P–F interval is presented as a concep-
tual estimate based on published crack growth rates for
SUP9A spring steel; experimental validation under the
specific operating conditions is recommended as future
work.

2.6. Statistical Analysis

Descriptive statistical analysis was performed on fleet
maintenance data to identify failure patterns and corre-
lations. The key metric analyzed was the spring-to-shock
replacement ratio, defined as the number of spring leaf
replacements divided by the number of shock absorber
replacements on the same unit over the same time period.
Units with high spring failure rates (ratio > 10:1) were
compared against units with normal failure rates (ratio
2–3:1) to identify the systemic factor driving the disparity.
Correlation analysis between shock absorber replacement
frequency and spring failure frequency was performed us-
ing Pearson’s correlation coefficient (r = −0.87, p < 0.01,
n = 35 units, 95% CI [−0.93, −0.75]), indicating a strong
negative correlation: units with more frequent shock ab-
sorber replacements experienced fewer spring failures.

3. Results and Discussion
3.1. Review of Predictive Maintenance Approaches

The majority of PdM research falls under data-driven
approaches, where models learn patterns directly from op-
erational data without explicit physical modeling. Early
studies employed traditional ML algorithms for failure
classification and anomaly detection. Falkovén [2] inves-
tigated association rule mining, classification trees, and
autoregressive modeling on Volvo truck data in Sweden,
concluding that overall data quality was insufficient for
reliable PdM implementation. This highlighted a recurring
theme: data quality is the foundation of any data-driven
approach. Data-driven detection has also been applied
to specific degradation mechanisms; for example, Effendi
et al. [8] used a convolutional neural network for auto-
mated corrosion detection on steel structures, illustrating
a mechanism-specific detection capability.

Tree-based ensemble methods have been widely
adopted. Biteus and Lindgren [3] trained a random for-
est model on Scania operational data to estimate vehi-
cle breakdown probability, integrating the output with a
constraint-based maintenance planner and route optimizer.
Barbosa [11] compared XGBoost, LightGBM, and Random
Forest for anomaly detection in Scania heavy-duty trucks,
finding that tree-based models showed competitive per-
formance but were ultimately outperformed by LSTM in
cost-sensitive evaluation.
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Table 1. Summary of predictive maintenance approaches.

Approach Key Capability Limitation

Classical ML (RF, XGB, LGBM) Classification, feature importance Limited temporal modeling
Deep Learning (LSTM, AE) Temporal pattern capture Data-hungry, black-box
Ensemble (SSED) High accuracy, dimensionality

reduction
Complex training

Digital Twins Comprehensive simulation Complex implementation
Bayesian Uncertainty quantification Prior specification required
Expert Systems Domain knowledge integration Not adaptive
IoT Frameworks Real-time data collection Infrastructure-dependent

Table 2. Critical gaps in predictive maintenance research.

Gap Description Consequence

Prediction–prevention Models predict failure but not its cause Same failures recur
AD over RCA Most research stops at anomaly detection No actionable diagnostics
Generalization Models fail on new fleets/conditions Fleet-specific retraining needed
Data quality Insufficient for reliable prediction High false positive/negative rates
Recurrence blind spot No metric for failure rate reduction Models optimized for wrong objective

Deep learning methods [12] have gained promi-
nence for capturing complex, non-linear relationships.
Khoshkangini et al. [1] proposed a Snapshot-Stacked En-
semble Deep Neural Network (SSED) for vehicle break-
down prediction, combining genetic algorithm-based fea-
ture selection with cyclic cosine annealing. Barbosa [11]
evaluated LSTM, Autoencoder, and LSTM-AE models for
anomaly detection on the Scania APS dataset, achieving
the best cost-performance trade-off (prediction cost of
3.44, F2-score of 0.64 on training data), though general-
ization remained challenging with F2-scores dropping to
approximately 0.20 on validation and test sets.

Beyond purely data-driven methods [13], digital
twin approaches [14] create virtual replicas of physical as-
sets that integrate real-time data with simulation models.
Tang et al. [14] developed a vehicle deterioration digital
twin framework for commercial trucks and trailers, us-
ing K-means clustering and Latent Dirichlet Allocation to
identify failure modes from millions of inspection records.
Digital twins offer advantages over purely data-driven
methods: they can simulate what-if scenarios, incorporate
physical models, and provide continuous lifecycle infor-
mation. However, they are complex to implement and
still depend on the quality of underlying failure mode
identification.

Bayesian methods [15] handle the censored nature
of workshop data (components replaced before failure)
better than deterministic approaches but require careful
prior specification and are computationally intensive for
high-dimensional problems. Expert systems [16] bridge
the gap between data-driven methods and domain exper-
tise but are limited to known failure patterns and cannot
discover novel mechanisms. IoT-based fleet management

systems [17, 18] provide the enabling infrastructure for
all data-driven approaches, but without reliable data col-
lection, no predictive model can function. Table 1 sum-
marizes the key approaches, their capabilities, and their
limitations.

3.2. Critical Gaps in the Predictive Maintenance
Paradigm

The most significant limitation of current PdM re-
search is the disconnect between prediction and preven-
tion. A model that accurately predicts “this spring will
fail in 500 operating hours” provides valuable informa-
tion, but it does not answer the question “why does this
spring keep failing every 2,000 hours when its design life
is 50,000 hours?” Without understanding the root cause,
the maintenance team replaces the spring, the same under-
lying condition persists, and the spring fails again at the
same shortened interval. Prediction without prevention is
just better-informed reaction.

A critical review of the analyzed literature reveals
a disproportionate focus on anomaly detection (AD) at
the expense of root cause analysis (RCA); the review is
narrative rather than systematic, as documented in Sec-
tion 2.1. Barbosa [11] explicitly identified this gap, noting
that most studies stop at “detecting abnormal behavior
without providing information about its causes.” Of the 14
studies examined in this review, only two [11,14] include
any form of root cause analysis, and neither provides a
complete physical mechanism framework.

Multiple studies report significant degradation in
model performance when applied to new data. Bar-
bosa [11] documented F2-scores dropping from 0.64 on
training data to approximately 0.20 on validation and test
sets. This generalization failure stems from fleet heteroge-
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Table 3. Failure mechanism taxonomy for truck components.

Mechanism Description Indicators Affected Components

Fatigue Cyclic stress below yield
causes crack growth

Beach marks, striations Springs, shafts, bearings,
welds

Overload Single stress exceeds ultimate
strength

Ductile/brittle fracture Structural parts, bolts

Wear Progressive material removal Dimensional change, scoring Brakes, bearings, seals
Corrosion Chemical/electrochemical

degradation
Rust, pitting, material loss Exposed metal, exhaust

Creep Time-dependent deformation
under stress

Dimensional change Engine, exhaust

Fretting Micro-motion wear under
vibration

Surface pitting, debris Bolted joints, splines

Thermal cycling Repeated
expansion/contraction

Cracking at interfaces Exhaust, electrical

Table 4. Prevention strategies by failure mechanism.

Mechanism Strategy 1 Strategy 2 Strategy 3

Fatigue Reduce stress amplitude Increase fatigue strength Eliminate stress raisers
Overload Add overload protection Increase design margin Operator training
Wear Improve lubrication Harder surface coating Filtration
Corrosion Protective coating Material selection Environmental control
Creep Lower temperature Creep-resistant alloy Reduce sustained stress
Fretting Increase clamping force Lubricate surfaces Reduce vibration

neity (different vehicle makes, models, and operating en-
vironments), temporal drift (component behavior changes
over time), and data distribution shift (training data may
not represent future failure modes). A physics-of-failure
approach is inherently more transferable: the fatigue
mechanism of a spring leaf is the same regardless of which
truck it is installed on, and the prevention strategy (reduce
stress amplitude) applies universally.
Perhaps the most telling gap is the absence of recurrence
metrics in PdM evaluation. Studies report accuracy, preci-
sion, recall, F1-score, and cost metrics, but none measure
whether the same component fails again on the same
equipment after a “successful” prediction and intervention.
A model that achieves 95% accuracy but does not reduce
the long-term failure rate is, in a fundamental sense, fail-
ing at its primary objective. Table 2 summarizes the critical
gaps identified in the current PdM paradigm.

3.3. The Physics-of-Failure Alternative

Physics-of-failure (PoF) is an engineering approach that
uses knowledge of failure mechanisms and stress analysis
to predict and prevent component failure. Unlike data-
driven methods that learn correlations from historical data,
PoF models the actual physical processes that cause degra-
dation and failure. The fundamental premise is that every
failure has a physical cause, and understanding this cause
is the most reliable path to prevention. The approach is

grounded in materials science, solid mechanics, thermo-
dynamics, and tribology.

All component failures can be classified into a fi-
nite set of physical mechanisms, as shown in Table 3.
Each mechanism has specific, well-understood prevention
strategies, as summarized in Table 4.

A complete failure analysis traces the chain from
latent root cause to functional failure, as illustrated in Fig-
ure 1. Each level of this chain represents an intervention
point. Data-driven PdM typically only detects the final
stages (failure mode or functional failure). PoF analysis
identifies intervention points at every level, with the most
effective interventions being those closest to the latent
root cause.

The following equations provide the theoretical foun-
dation for the physics-of-failure approach applied in this
study.

da/dN = C(∆K)m (1)

where da/dN is the crack growth rate per loading cycle
(mm/cycle), C is the Paris constant (material-dependent;
with da/dN in mm/cycle and ∆K in MPa

√
m, C typi-

cally ranges from 10−11 to 10−9 in the corresponding units
of (mm/cycle)/(MPa

√
m)m for spring steels), ∆K is the

stress intensity factor range (MPa
√

m), and m is the Paris
exponent (typically 2–4 for spring steels).

ζ = c/(2mωn) (2)
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Figure 1. Failure mechanism chain from latent root cause to functional failure.

where ζ is the damping ratio (dimensionless), c is the
damping coefficient (N·s/m), m is the sprung mass (kg),
and ωn is the natural frequency of the spring-mass system
(rad/s). A shock absorber with ζ = 0.30 at nominal con-
dition provides effective damping [23]; when degraded
to ζ < 0.05, the system approaches resonance and spring
stress amplifies dramatically.

Ka = σd/σ0 = 1/(2ζ) (3)

where Ka is the dynamic stress amplification factor (di-
mensionless), σd is the dynamic stress amplitude (MPa),
and σ0 is the static stress (MPa). For ζ = 0.05 (degraded
shock absorber), Ka = 10, meaning the spring experiences
ten times the static stress amplitude from road impacts.
Equation 3 is derived, however, for a single-degree-of-
freedom system at resonance (ω = ωn); under random
road excitation the actual amplification depends on the
frequency ratio (ω/ωn), the road input spectrum, and
the multi-degree-of-freedom suspension dynamics, and
can fall below or above the resonant value. Ka = 10
should therefore be read as an idealized resonance-based
reference estimate rather than a directly measured or uni-
versally applicable upper bound for the actual vehicle
suspension; the typical operating increase is estimated at
3–5× from the observed spring fracture rates.

Nf = A · (σa)−b (4)

where Nf is the number of cycles to failure, σa is the ap-
plied stress amplitude (MPa), A is the fatigue strength
coefficient (in units of cycles·MPab, so that Nf is in cy-
cles when σa is in MPa), and b is the Basquin exponent
in this formulation (typically 3–6 for spring steels; the
conventional Basquin form σa = σf ′(2Nf )b corresponds
to |b| ≈ 0.17–0.33). For SUP9A spring steel, A ≈ 4.1×1013

and b ≈ 3.6 are illustrative Basquin coefficients: A is cali-
brated to reproduce the fleet-observed normal-condition
life (Nf ≈ 5 × 104 cycles at σa ≈ 300 MPa), and b = 3.6
lies within the 3–6 range typical of published S–N data for
quenched-and-tempered spring steels such as SUP-9 [22].
Under normal conditions (σa ≈ 300 MPa), Nf ≈ 5 × 104

cycles. Under degraded conditions with 3–5× stress am-
plification (σa ≈ 900–1500 MPa), Nf falls to roughly
150–1,000 cycles, i.e. to less than 2% of the normal life,
a reduction of more than 98%. At the upper bound (5×

amplification, σa ≈ 1,500 MPa), the stress approaches the
ultimate tensile strength of SUP9A (∼1,300–1,500 MPa
— values typical of quenched-and-tempered spring steels;
see [22] for measured hardness and endurance-limit data
for SUP-9), and the failure mode transitions from fatigue
to quasi-static overload; the fatigue-life equations are
therefore approximate in this regime. The stress ratio
R = σmin/σmax was approximately 0.1–0.2 for the spring
under normal loading (referring to the oscillating stress
component after subtracting the static preload; the ab-
solute R ratio including preload would be negative); no
mean stress correction (e.g., Goodman or Gerber) was ap-
plied, as the analysis focuses on comparative life reduction
rather than absolute life prediction. The fatigue limit of
SUP9A spring steel, however, is typically 500–600 MPa
(see [22] for measured endurance-limit and hardness data
of SUP-9), and the 300 MPa normal stress amplitude lies
below it; the observed 50,000-cycle life therefore reflects
the specific operating conditions — occasional overload
events and surface defects from mining debris — rather
than the material’s intrinsic high-cycle fatigue behavior.
The comparative life-reduction analysis remains valid re-
gardless of the absolute life value. The fatigue-life calcu-
lations in this section are therefore illustrative estimates,
intended to quantify the contrast between normal and de-
graded stress states rather than to serve as experimentally
validated life predictions for this component; a design-
grade analysis would additionally require material-specific
S–N data, mean-stress correction (e.g., Goodman), and
measured load spectra.

PFI = tF − tP (5)

where PFI is the P–F interval (hours), tF is the time of
functional failure (hours), and tP is the time when the po-
tential failure condition becomes detectable (hours). For
the spring leaf case, the interval is estimated from three ex-
plicit assumptions. (i) Initial detectable crack size a0 ≈ 1
mm, the smallest crack assumed reliably detectable by the
fleet’s vibration-based monitoring and visual inspection.
(ii) Critical crack size ac ≈ 4 mm, identified from beach
marks on failed springs, with an uncertainty of roughly
3–5 mm. (iii) Average crack growth rate da/dt ≈ 0.001
mm/hour, derived from the Paris law (Equation 1) with
C ≈ 1 × 10−10 mm/cycle and m ≈ 3 (mid-range values
typical of spring steels), and ∆K ≈ 15 MPa

√
m — consis-
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Table 5. Data-driven PdM vs. physics-of-failure approach.

Aspect Data-Driven PdM Physics-of-Failure

What it predicts When failure will occur Why failure occurs
Data required Large volumes of sensor data Failure context, material properties
Generalization Poor (fleet-specific) Excellent (mechanisms are universal)
Prevents recurrence No Yes (by design)
Interpretability Low (black-box models) High (physical causality)
Implementation cost High Moderate
Maturity Rapidly evolving Well-established
Best for Detecting degradation onset Eliminating root causes

Figure 2. P–F curve showing the spring failure cycle: shock absorber wear phase, stress transfer and crack initiation, and
fatigue crack propagation. The time axis is qualitative (dimensionless, not to scale); the numerical P–F interval corresponding
to tP and tF is estimated in Section 3.3 (Equation 5).

tent with ∆K = Y ∆σ
√

πa for Y ≈ 1.1 (edge-crack ge-
ometry), a degraded dynamic stress range ∆σ ≈ 150–250
MPa, and a = 1–4 mm — combined with an effective road-
induced loading frequency f ≈ 1 Hz, giving da/dN ≈
3.4 × 10−7 mm/cycle and da/dt = f · da/dN ≈ 0.001
mm/hour. With these values, PFI = (ac − a0)/(da/dt) ≈
3,000–4,000 hours, i.e. approximately 4,000 hours at
the upper end; propagating the parameter uncertain-
ties (a0 ≈ 0.5–1.5 mm, ac ≈ 3.5–5 mm, da/dt ±20%)
widens this to roughly 1,700–5,600 hours, consistent
with the 2,000–5,000-hour order-of-magnitude range used
throughout this paper. The Paris law predicts accelerating
crack growth (da/dN increases with crack length), so the
constant-rate estimate is an order-of-magnitude approx-
imation and should be treated as an upper bound, to be

validated with experimental crack growth data under the
specific operating conditions. Figure 2 illustrates the qual-
itative progression from shock wear to crack initiation to
final fracture on a dimensionless (qualitative) time axis;
the time axis is not to scale.

The comparison between data-driven PdM and
physics-of-failure approaches is summarized in Table 5.
We emphasize that PoF and data-driven PdM are com-
plementary, not competing. The ideal approach uses:
(1) data-driven monitoring to detect when a component
begins to deviate from normal behavior; (2) physics-of-
failure analysis to determine why the deviation is occur-
ring; (3) root cause elimination to prevent recurrence;
and (4) design feedback to improve future component
reliability.
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Figure 3. Spring leaf versus shock absorber replacement patterns across six fleet units: (a) absolute counts, (b) replacement
ratio.

3.4. Case Study: Recurring Spring Leaf Failures in a
Heavy Truck Fleet

A fleet of 35 Volvo FMX 440/460 heavy trucks oper-
ating in Indonesian mining and logistics applications expe-
rienced 7,300 spring leaf failures over a four-year period
(2022–2025); the fleet description and data-collection
protocol are given in Section 2.2. One unit alone (DT
FMX 440-2021) recorded 342 spring failures over four
years, corresponding to approximately 1.64 failures per
week. Each failure resulted in 2–4 hours of downtime and
significant indirect costs from production delays.

The standard maintenance response was reactive:
replace the broken spring leaf and return the vehicle to
service. No systematic investigation was conducted to
determine why springs were failing at such high rates.
The same unit, the same position (F3), and the same fail-
ure mode (broken spring leaf) recurred with predictable
regularity.

Analysis of maintenance records revealed a critical
pattern: the spring-to-shock replacement ratio on the
worst-affected unit was 28.5:1 (342 spring replacements
vs. 12 shock absorber replacements over the same pe-
riod). For comparison, units with lower spring failure
rates showed ratios of 2–3:1, suggesting that shock ab-
sorbers were being replaced more frequently relative to
springs on healthier units. Pearson correlation analysis
confirmed this relationship: r = −0.87 (p < 0.01, n = 35,
95% CI [−0.93, −0.75]), indicating a strong negative cor-
relation between shock absorber replacement frequency
and spring failure rate. Figure 3 illustrates this pattern
across six representative fleet units. This unit-level correla-
tion is observational and may be influenced by operational

confounders such as driver behavior, severe overloading
beyond normal damping limits, and variable road-surface
quality; these factors were not instrumented continuously
over the four-year period and therefore could not be statis-
tically controlled. Three features nevertheless strengthen
the causal interpretation without proving it: the effect is
unit-level and persistent rather than fleet-wide; the fail-
ure position (F3) and failure mode are constant on the
worst-affected units; and the mechanism is independently
corroborated by measured shock-absorber degradation
(piston-rod wear 0.15–0.30 mm; 40–60% oil loss) and by
the fatigue stress-amplification analysis (Equations 3–4).
We therefore present the correlation as strong supporting
evidence within a convergent-evidence argument, not as
proof of causation.

The failure mechanism chain was reconstructed
through systematic RCFA, as illustrated in Figure 1 and the
P–F curve in Figure 2. The physical mechanism proceeds
through six steps: (1) Normal wear of the shock absorber
seal causes progressive hydraulic oil loss over approxi-
mately 20,000 km of operation. (2) At approximately 50%
oil loss, the shock absorber’s damping coefficient drops
to less than 20% (Equation 2) of its design value. (3)
Without functional damping, the spring leaf must absorb
the full road impact energy, increasing dynamic stress by a
factor of 3–5 (Equation 3). (4) The spring, designed for a
fatigue life of approximately 50,000 cycles under normal
conditions, now experiences stress exceeding its fatigue
limit, initiating a crack at a surface defect or stress raiser
(Equation 4). (5) The crack propagates under continued
cyclic loading (Equation 1) until final fracture occurs. (6)
The spring breaks, the vehicle is taken out of service, the
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Figure 4. Comparison of prediction-only vs. physics-of-failure maintenance approaches.

spring is replaced—but the worn shock absorber remains,
and the cycle repeats.

The quantitative analysis confirms the mechanism.
Using the stress amplification factor from Equation 3, with
a fully degraded shock absorber (ζ = 0.05), the idealized
resonance-based reference estimate is Ka = 10. Under
typical operating conditions, the actual stress increase is es-
timated at 3–5× based on the observed reduction in spring
fatigue life. From Equation 4, a 3–5× stress amplification
reduces the fatigue life from approximately 50,000 cy-
cles to 1,000 cycles or fewer—a reduction of more than
98%. The theoretical P–F interval from Equation 5 pro-
vides an estimated intervention window of approximately
4,000 hours, consistent with the 2,000–5,000-hour order-
of-magnitude range derived in Section 3.3; Figure 2 illus-
trates the interval qualitatively.

A predictive model trained on this fleet’s data would
likely achieve reasonable accuracy in predicting individ-
ual spring failures. However, because the model does not
address the root cause (degraded shock absorber), the
spring will continue to fail at the same elevated rate. In
contrast, the physics-of-failure analysis identifies a simple,
effective prevention strategy: replace the shock absorber
at its recommended interval (or when damping drops be-
low a threshold), thereby restoring the spring to normal
stress conditions and eliminating the fatigue driver. Figure
4 illustrates the comparison between prediction-only and
physics-of-failure maintenance approaches.

The prevention strategy derived from the PoF analy-
sis has three components. Immediate action: implement
shock absorber inspection and replacement at 20,000 km
intervals or when damping drops below ζ = 0.15. Short-
term action: develop and implement a paired replace-
ment SOP requiring shock absorber inspection whenever a
spring leaf is replaced. Long-term action: redesign the sus-
pension system to include damping monitoring and inte-
grate this data into the fleet’s condition monitoring system.
The 20,000 km interval is an author-derived recommenda-
tion based on the fleet’s observed wear data (Section 2.4)
and supported by OEM and industry scheduled-inspection

practice [20,21]; it is not a direct manufacturer-prescribed
replacement interval.

The 85–95% reduction in spring failure rate at-
tributed to the PoF intervention is a projection, not a
measured outcome: the intervention was implemented af-
ter the data-collection period, so no before-and-after field
data exist for the fleet. The projection follows from the
fatigue-life analysis (Equations 3–4). Restoring normal
stress levels raises fatigue life from roughly 1,000 cycles
back to roughly 50,000 — a reduction of more than 98%
at the level of an individual spring subject to the degraded
stress state. The translation to a fleet-wide failure-rate
reduction is bounded as follows. Within the same fleet
and duty cycle, units with maintained shock absorbers
(spring-to-shock ratio 2–3:1) failed roughly an order of
magnitude less frequently than the worst-affected unit
(28.5:1), indicating that shock-absorber condition dom-
inates spring failure risk on this fleet. Eliminating the
degraded-shock mechanism should therefore restore the
affected units toward the low observed baseline. The pro-
jection is nevertheless discounted from the >98% per-unit
fatigue-life recovery to 85–95% at fleet level because (i)
a residual failure population arises from mechanisms the
intervention does not address (overload, road debris, man-
ufacturing defects), and (ii) adherence to the scheduled
replacement SOP will be imperfect in operations. Confirm-
ing these figures with post-intervention data is a critical
area of future work.

3.5. Integrated Framework

We propose a three-layer framework that integrates
data-driven monitoring with physics-of-failure analysis
and systematic root cause elimination, as illustrated in
Figure 5. Layer 1 (Condition Monitoring) uses IoT sensors
and anomaly detection algorithms [5,6] to identify when
a component begins to deviate from normal behavior. This
layer leverages the strengths of data-driven PdM: continu-
ous monitoring, early detection, and pattern recognition
across large fleets.

Layer 2 (Root Cause Analysis) applies RCFA and PoF
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Figure 5. Three-layer integrated framework: condition monitoring → root cause analysis → design feedback.

methods to determine why the deviation is occurring.
When an anomaly is detected, the RCFA process traces
the causal chain from failure mode back to physical, hu-
man, and latent root causes. This layer uses the 5-Whys,
fishbone diagrams, and fault tree analysis described in
Section 2.3.

Layer 3 (Design Feedback) implements corrective
actions and feeds lessons learned back into design specifi-
cations, maintenance procedures, and training programs.
This is where prevention becomes permanent: a design
change or procedure update eliminates the root cause for
all similar equipment, not just the specific unit that failed.

3.5.1. Novelty and Contribution of the Proposed Frame-
work

We acknowledge that the individual elements of the
framework—condition monitoring, root cause analysis,
and design feedback—are individually well established in
maintenance and reliability engineering, root cause fail-
ure analysis (RCFA), and reliability-centered maintenance
(RCM). The novelty of this work is therefore not the inven-
tion of these elements, but their integration into a single
closed loop with an explicit, mechanism-based hand-off
between them, and the demonstration of that loop on a
large, real failure dataset.

Specifically, the contribution is threefold. First, the
framework defines an explicit interface at which data-
driven anomaly detection (Layer 1) triggers a physics-of-
failure root cause analysis (Layer 2) rather than stopping
at detection—a hand-off that is largely absent from the re-

viewed PdM literature (Section 3.2). Second, it closes the
loop from root cause to prevention and to design (Layer
3), so that a corrective action is propagated to all simi-
lar equipment instead of only the unit that failed. Third,
it introduces recurrence as the evaluation criterion: the
success of maintenance is measured by whether the same
failure recurs, not only by prediction accuracy. Within the
literature examined in this study, we did not identify a
framework that explicitly combines these three features
and demonstrates their application using a multi-thousand-
event industrial dataset.

A note on implementation status: the complete three-
layer framework has not yet been implemented and eval-
uated as an operational system. The case-study evidence
covers the mechanism-based root cause analysis (Layer
2) and the prevention decision derived from it (timely
shock absorber replacement); continuous data-driven con-
dition monitoring (Layer 1) and fleet-wide design feedback
(Layer 3) remain proposed elements. Consequently, all
quantitative benefits associated with the framework as
a whole — including the failure reduction and ROI esti-
mates in Sections 3.4 and 3.6 — are projections (Sections
3.4 and 3.7), and evaluating the framework as an inte-
grated loop requires post-intervention, before-and-after
field data.

3.6. Economic Analysis

The economics of prevention versus prediction are
compared in Table 7. Prediction costs include sen-
sors ($50–500 per monitoring point), data infrastructure
($10,000–50,000 per fleet for cloud services and analyti-
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Table 6. Comparison of prediction-only vs. physics-of-failure outcomes for the case study.

Metric Prediction-Only Physics-of-Failure

Spring failures (4 years) 7,300 (recurring) ∼365–1,095 (projected 85–95% reduction)
Cost (4 years) Rp 6.2–24.5 billion (ongoing) Rp 0.7–2.0 billion (one-time + scheduled shock

replacement)
Root cause addressed No Yes
Recurrence Same failures repeat Failures eliminated at source
ROI N/A (cost center) 5:1 to 10.5:1 (projected)

Table 7. Economic comparison of prediction-only vs. physics-of-failure approaches.

Cost Category Prediction-Only Physics-of-Failure Notes

Sensor hardware $50–500/point Minimal (visual inspection) PoF needs fewer sensors
Data infrastructure $10–50K/fleet Minimal Cloud + analytics vs.

spreadsheets
Model development $20–100K $7–20K (one-time RCFA +

SOP)
ML models need ongoing
updates

Maintenance cost (4 yr) Rp 6.2–24.5B
(recurring)

Rp 0.7–2.0B (one-time +
scheduled shock replacement)

Spring replacement only

ROI N/A (cost center) 5:1 to 10.5:1 Projected;
conservative-to-central
assumptions (Section 3.6)

cs), and model development ($20,000–100,000 for cus-
tom ML models) [19]. For the case study fleet of 35 units
with 7,300 spring failures over four years, the total spring
replacement cost alone exceeds Rp 6.2 billion (approxi-
mately $387,500 at an exchange rate of Rp 16,000/USD as
of June 2026). These costs include parts and labor but ex-
clude downtime costs, which would substantially increase
the total. These figures are projections derived from the
case-study fleet’s failure counts and standard parts and la-
bor rates; they are not audited post-intervention financial
results.

Prevention costs include the RCFA investigation
($5,000–15,000 one-time), shock absorber replacement
at the proposed 20,000 km interval ($50–150 per unit
per interval), and SOP development and training ($2,000–
5,000 one-time). The estimated ROI for the case study is
5:1 to 10.5:1 over a four-year period, based on the pro-
jected reduction in spring replacement costs; the explicit
cost model behind this range is as follows. NASA’s RCM
program, by comparison, documented a return of 1.75–
2.20 over four years, with cost avoidance of $26.8–33.6
million [9]—notably lower than the case-study estimate,
because the exceptionally high failure frequency of mining
operations amplifies the savings from root cause elimina-
tion. These figures suggest that root cause elimination
can be more economically efficient than prediction alone,
though the actual ROI depends on fleet size, failure rates,
and implementation costs. The stated ROI is therefore
a projected value rather than a validated one; empirical

confirmation requires before-and-after cost data (Section
3.7).

Baseline: 7,300 failures over four years at
Rp 850,000–3,350,000 per event (parts and labour; Sec-
tion 2.2) gives Rp 6.2–24.5 billion (≈US$0.39–1.53 mil-
lion at Rp 16,000/USD; mid-range Rp 2.1 million per
event). Intervention: one-time RCFA ($5,000–15,000)
and SOP development and training ($2,000–5,000), plus
scheduled shock absorber replacement every 20,000 km —
assuming ≈100,000 km per truck per year (five replace-
ment intervals per truck per year) for the 35-unit fleet at
$50–150 per shock absorber per interval, i.e. $35,000–
105,000 over four years — for a total intervention cost of
≈$42,000–125,000 (Rp 0.67–2.0 billion) over four years.
Savings: avoiding 85–95% of failures prevents 6,205–
6,935 events, worth Rp 5.3–23.2 billion (US$329,000–
1,452,000), before any downtime savings (14,600–29,200
vehicle-hours over four years), which are excluded here
and therefore make the estimate conservative. The result-
ing ROI = savings ÷ intervention cost spans ≈2.6:1 (low-
end savings, high-end cost) to ≈34.6:1 (high-end savings,
low-end cost), with a central estimate of ≈10:1 (mean
savings Rp 13.8 billion, mean cost Rp 1.3 billion). The
5:1–10.5:1 headline range reported in Tables 6–7 corre-
sponds to conservative-to-central paired assumptions (e.g.,
Rp 5.3 billion savings against Rp 1.05 billion cost gives
5:1; Rp 13.8 billion against Rp 1.3 billion gives ≈10.5:1)
and is retained as the prudential headline estimate.
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3.7. Limitations

Several limitations should be acknowledged. The
case study data is drawn from a single fleet operating
in specific conditions (Indonesian mining), which may
limit generalizability. The P–F interval analysis relies on
estimated parameters that should be validated with ad-
ditional experimental data. The integrated framework
requires organizational commitment to root cause investi-
gation, which may be challenging in resource-constrained
environments. In addition, the narrative review analyzed
14 studies, which, while sufficient to identify persistent
gaps, limits the generalizability of conclusions about the
broader PdM research landscape. Finally, this review fo-
cuses on mechanical failure mechanisms; software failures,
human errors in operation, and organizational factors re-
quire separate treatment. The 85–95% failure reduction
and the 5:1–10.5:1 ROI are projections — derived from
fatigue-life calculations and cost assumptions, respectively
— not measured outcomes. The single most important
item of future work is to collect post-intervention, before-
and-after field data and report the observed change in
failure rate, so that these projections can be confirmed,
revised, or refuted.

4. Conclusions
This review has identified a fundamental gap in the

predictive maintenance paradigm: most PdM approaches
address the symptom of failure (when it will occur) rather
than its cause (why it occurs). Through a critical narrative
review of PdM research (2010–2025) and a case study of
7,300 recurring spring leaf failures in a heavy truck fleet,
we have demonstrated that:
1. Current PdM approaches achieve prediction accuracy

but do not reduce failure recurrence rates. A model
that correctly predicts each failure event is still, in a
fundamental sense, failing if the same component fails
again under the same conditions.

2. Physics-of-failure analysis, grounded in root cause fail-
ure analysis and reliability-centered maintenance, pro-
vides a complementary and more durable solution by
identifying and eliminating the physical, human, and
latent root causes of failure.

3. The case study demonstrates that a single overlooked
failure mechanism—shock absorber wear causing in-
creased dynamic stress on springs—perpetuated a cy-
cle of 7,300 failures over four years that no predictive
model could break. Addressing the root cause (timely
shock absorber replacement) is projected to reduce the
spring failure rate by an estimated 85–95%, based on
fatigue life analysis. Validation with post-intervention
field data is recommended as future work.

4. An integrated three-layer framework—condition mon-
itoring, root cause analysis, and design feedback—
combines the strengths of both approaches: early detec-
tion from data-driven methods and permanent elimina-
tion from physics-of-failure analysis. The framework it-

self is proposed rather than field-evaluated end-to-end:
the case study demonstrates its mechanism-analysis
core (root cause analysis and the resulting preven-
tion logic), while the integrated monitoring–analysis–
design loop requires validation with post-intervention
field data (Section 3.7).

The path forward is not to abandon data-driven
methods, but to integrate them with mechanism-based
analysis in a three-layer framework: condition monitoring
→ root cause analysis → design feedback. This integrated
approach addresses both the immediate need (detect and
respond to degradation) and the long-term goal (eliminate
the causes of failure). The ultimate objective of mainte-
nance should not be to predict failure, but to make failure
prediction unnecessary by preventing its causes.
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