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Abstract

Heavy industrial vehicles operating in aluminum smelters are exposed to severe ther-
mal, mechanical, and environmental stresses, which increase the likelihood of failure and
unplanned downtime. This study proposes an Economic Risk Priority Number (ERPN)
framework to address the limitations of the conventional Risk Priority Number (RPN) used
in Failure Mode and Effects Analysis (FMEA). A five-year maintenance dataset (2019-2024),
comprising 2303 corrective work orders from 58 heavy equipment units, was analyzed. The
classical RPN approach prioritized failure modes mainly according to occurrence and de-
tectability, identifying the wheel and hydraulic subsystems as the most critical. In contrast,
the proposed ERPN framework integrates economic impact through maintenance cost,
manpower cost, and production loss, resulting in the engine subsystem being ranked as the
most critical. The most severe engine failure caused an estimated financial loss of approxi-
mately USD 1.92 million due to extended downtime and repair costs. Root cause analysis
identified coolant loss, low oil pressure, and excessive vibration as the main contributors to
catastrophic engine failure, supported by diagnostic evidence and repeated alarm patterns.
Statistical validation performed using the Kruskal-Wallis test confirmed significant differ-
ences among subsystem risk distributions for both RPN (x? = 846.07, df = 4, p < 0.0001)
and ERPN (x? = 131.69, df = 4, p < 0.0001). The findings demonstrate that ERPN provides
a more economically meaningful framework for maintenance prioritization and offers a
practical decision-support tool for reducing operational risk in aluminum smelter fleets.

Keywords: Failure Mode and Effects Analysis (FMEA); aluminum smelters; engine failure
assessment; risk assessment; Economic Risk Priority Number (ERPN)

1. Introduction

The reliability of engines in transport fleets used in aluminum smelters is stressed by
the requirement of continuous production flow, with minimal operating expenses, while
maintaining safety at an appropriate level during operation Ciancio et al. [1]. According
to Majid et al. [2], the harsh environment where the maintenance activity is carried out is
harmful especially for the mechanical and electrical systems of complex units due to heat
generated by high ambient temperature, dust, and mainly electromagnetic interference
in the aluminum smelter Schmitz [3]. Although several studies have applied reliability
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analysis methods to mining and construction fleets Deulgaonkar et al. [4], their application
to aluminum smelter vehicle systems remains limited.

The reliability of this equipment is assessed by statistical metrics that capture the
failure phenomena and system availability as a function of time. In the case of heavy-duty
vehicles, these indicators are related to maintenance performance, since breakdowns and
recovery times significantly influence fleet availability and production flow Wang et al. [5]
and Daya [6]. There is an urgent need for systematic, data-driven approaches to identify
critical failure modes and their root causes based on real operational data Hu et al. [7], to
prevent delays in molten metal transport operations and reduce associated safety risks and
productivity losses Odeyar et al. [8].

Recent studies have also explored machine learning-based approaches for engine fail-
ure assessment, leveraging data-driven models to predict faults and remaining useful life.
For example, Wang et al. [9] applied advanced learning techniques for anomaly detection
and predictive maintenance in rotating machinery. While these approaches enhance predic-
tion capabilities, they often lack integration with structured risk prioritization frameworks
such as FMEA. Therefore, combining economic risk assessment with data-driven insights
remains a critical research gap addressed in this study.

Gong et al. [10] applied the Failure Modes, Effects, and Criticality Analysis (FMECA)
model to evaluate and analyze vehicle failure behavior. This methodology allows for
systematic identification, evaluation, and ranking of vehicle failure modes in terms of their
risk exposure, supporting focused maintenance planning and enhanced reliability under
harsh industrial scenarios Filz et al. [11] and Grabill et al. [12].

The Risk Priority Number (RPN) is a widely used metric for prioritizing failure modes
based on their associated risk. According to Hwang et al. [13], it is calculated as the product
of Severity (S), Occurrence (O), and Detection (D):

RPN=Sx0xD (1)

Higher RPN values indicate more critical failure modes that need to be fixed immedi-
ately. But this simple product of scores has come under close examination. It is the result
of a combination of subjective and ordinal scales that can lead to equivalent or deceptive
ranks Liu et al. [14] and Liu et al. [15]. However, the conventional RPN fails to account for
significant factors, including economic expense or downtime due to failure. A low-cost
common failure could have the same RPN as a high-cost rare failure and lead to subopti-
mal maintenance decisions. In practice, a low-cost frequent failure with many correction
methods can have similar risk priority numbers (RPN) to those of high-cost rare failures.

This limitation is particularly critical in heavy industrial environments. For example,
a minor issue such as a flat tire may occur frequently (high O) and remain undetected
(high D), resulting in a high RPN. In contrast, a catastrophic engine failure may occur
infrequently (low O), but with severe consequences, leading to a lower RPN.

This ranking contradicts practical operational expectations, where engine failures are
considered critical events due to their significant economic and operational impact. For
instance, Rhee and Ishii [16] identified major limitations of RPN and proposed an LCC-
based FMEA approach that prioritizes failures based on economic consequences. Their
approach overcame several shortcomings of the traditional FMEA by trading severity for
money and considering failure probabilities. This made it easier to sort out risks by how
much they would impact on the business. The objective of this study is to enhance the
classical FMEA approach by introducing an Economic Risk Priority Number (ERPN), which
considers how the failures will impact the economy. The proposed ERPN approach is used
to compare the traditional RPN with a set of maintenance data from industrial vehicles in
an aluminum smelter. The new ERPN more accurately sorts the failure modes based on the
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importance ratings of components and their relative cost influences, ensuring that more
reliable and data-driven maintenance decisions can be achieved. This research extends the
early work in engine failures, recalibrates risk priorities under ERPN, and assesses which
improvement may be expected for the ranking of critical components.

A data-driven FMEA can use operational and historical information to dynamically
rank component specific probabilities of failure, which will lead to increased accuracy
in maintenance scheduling and decision-making Filz et al. [11], Jin et al. [17], and Ma
et al. [18]. Furthermore, this technique is an advanced approach over the traditional
preventive maintenance strategy maneuvered in practice, which is often inefficient in
complex industrial environments and can be used to design optimized reliability-based
maintenance strategies Tripathi and Prasad [19] and Yuan et al. [20]. The purpose of this
study is to integrate conventional FMEA with modern predictive approaches for heavy
vehicle failures in aluminum smelters, thereby enabling the development of a generic and
data-driven framework for evaluating engine failure risks Payette et al. [21].

To address this limitation, this study proposes an enhanced prioritization framework
based on the Economic Risk Priority Number (ERPN). Unlike conventional RPN and
existing cost-based extensions, the proposed ERPN integrates a data-driven economic cost
factor (Cy) derived from real operational data, including maintenance cost, manpower cost,
and production loss. This integration enables a more realistic and application-oriented
prioritization by aligning failure criticality with its economic consequences rather than
relying solely on qualitative scoring. Consequently, the ERPN framework shifts the focus
from frequency-based risk assessment to economic impact-driven decision-making, thereby
providing improved support for maintenance strategy optimization.

Several extensions of traditional FMEA have been proposed to overcome the limita-
tions of the conventional RPN approach. For instance, fuzzy FMEA has been widely used
to address uncertainty in expert judgment, while AHP-based FMEA introduces structured
weighting of risk factors. Additionally, cost-based FMEA methods attempt to incorporate
economic considerations into risk prioritization. However, many of these approaches rely
heavily on subjective inputs or lack a consistent data-driven normalization framework.
In contrast, the proposed ERPN method integrates real operational cost data through a
normalized cost factor (C¢), enabling a more objective and economically meaningful prioriti-
zation of failure modes. Table 1 presents a comparative summary of different FMEA-based
risk prioritization approaches.

Table 1. Comparison of FMEA-based risk prioritization approaches.

Method Key Concept Advantages Limitations
Traditional . . Ignores economic impact,
RPN SxOxD Simple and widely used equal weighting bias
Fuzzy FMEA Uses fu.zzy logic f.or Handles amb1gu1ty and Complex, s.ub]ectn./e
uncertainty handling  expert uncertainty membership functions
AHP-based U?es Analytical Stn’.lcfmred . Time-consuming, requires
Hierarchy Process decision-making, .
FMEA O T expert consistency
for weighting prioritization
Cost-based Incorporates cost Considers economic Often lacks normalization
FMEA factors into RPN impact and data-driven basis
Proposed RPN > normalized ﬁtiii\;zz/dewmmm Requires reliable cost data
ERPN cost factor (Cy) pact-bas !
prioritization

The main contributions of this study are summarized as follows:
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e  Development of a novel Economic Risk Priority Number (ERPN) framework that
integrates economic cost factors into traditional FMEA.

e Introduction of a data-driven normalization approach for the cost factor to enhance
objectivity and comparability.

e Application of the ERPN model to real industrial data from heavy-duty vehicles
operating in aluminum smelter environments.

e  Comparative analysis between conventional RPN and ERPN, demonstrating improved
prioritization of economically critical failures.

e Identification of critical subsystems whose economic impact is underestimated by tradi-
tional RPN, demonstrating the practical value of ERPN for industrial decision-making.

2. Methodology
2.1. Maintenance Data Collection

An extensive set of maintenance records was extracted from the SAP enterprise asset
management system to assess the reliability of aluminum smelter transport fleets. The
dataset was collected over a five-year period (2019-2024) and includes 2303 corrective
maintenance work orders recorded for 58 heavy equipment units. The data collection and
processing flow is shown in Figure 1.

= Fat} g | ot
= v ‘@ =0

- FMECA & ERPN
Preparation

Data Retrieval Data Filtering Data Normalization Data

Integ

« Standardize Costs Combine Costs « Calculate RPN

* Subsystem Selection

* SAP Maintenance Logs

* Work Orders * Duplicate Removal * Clean Descriptions + Merge Downtime Info » Determine Cost Factors

* Harmonize Comments Create Master Dataset « Risk Analysis

* Spare Part Records « Tagging Components

Figure 1. Data collection flow.

1. Filtering and Tagging: Work orders were filtered by functional location, equipment
hierarchy codes, and corresponding assemblies of Metal Transport Vehicles (MTVs),
Anode Pallet Transport Vehicles (APTVs), Bath Tapping Vehicles (BTVs), and other
specialized fleets. This allowed the data to be organized by subsystem (engine,
hydraulic, electrical, etc.) for subsequent analysis.

2. Normalization: Failure descriptions, cost entries, and maintenance comments were
standardized to eliminate duplicates caused by inconsistent naming conventions or
technician shortcuts.

3. Data Integration: Cost, frequency, and downtime fields from the maintenance modules
were merged into a single reliability dataset for statistical analysis.

After data cleaning and integration, a master dataset was developed containing failure
events, with fields for (a) affected component (subsystem), (b) failure mode description,
(c) maintenance cost in parts & materials, and (d) labor costs incurred. Production loss due
to downtime was calculated using known production loss rates for each vehicle type. To
maintain uniformity, costs were converted to US dollars. In addition, each failure event was
assigned RPN scores for severity (S), occurrence (O), and detection (D), based on expert
judgment and data analysis.
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2.2. Risk Prioritization Using RPN

FMEA was then applied to the integrated database to rank vehicle-related failure
modes using the traditional Risk Priority Number (RPN). RPN was calculated as the
product of severity (S), occurrence (O), and detection (D):

RPN=Sx OxD

where S represents the severity of the failure effect, O represents the occurrence frequency
of the failure mode, and D represents the detectability of the failure before occurrence.
Each parameter was evaluated using a rating scale derived from maintenance history and
expert assessment.

2.3. Severity, Occurrence, and Detection Rating Scales

To ensure consistency and reproducibility in the risk assessment process, standardized
rating scales were used to assign Severity (S), Occurrence (O), and Detection (D) scores.
These scales were developed based on expert judgment, historical maintenance data, and
established industry practices. Each parameter was evaluated on a scale from 1 to 10, where
higher values indicate greater risk, frequency, or difficulty of detection.

Severity (S) represents the impact of a failure on system performance, safety, and
operational continuity. Occurrence (O) reflects the likelihood or frequency of a failure event
based on historical data. Detection (D) indicates the probability of detecting failure before it
results in significant operational consequences. The rating criteria used for each parameter
are summarized in Tables 2—4.

Table 2. Severity (S).

Score Description

1-2 No noticeable effect on operation

34 Minor performance degradation

5-6 Moderate impact requiring maintenance

7-8 High impact causing system disruption

9-10 Severe failure leading to complete system shutdown

Table 3. Occurrence (O).

Score Description

1-2 Rare failure (very unlikely)

34 Occasional failure

5-6 Moderate frequency

7-8 Frequent failure

9-10 Very frequent/inevitable failure
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Table 4. Detection (D).

Score Description

1-2 Failure almost certain to be detected
34 High probability of detection

5-6 Moderate detection capability

7-8 Low probability of detection

9-10 Failure unlikely to be detected

These standardized rating criteria ensure that the assignment of S, O, and D scores
is consistent, transparent, and reproducible across different failure modes. The use of
structured scales, supported by both expert judgment and historical data, enhances the
reliability of the risk prioritization process.

2.4. Expert Panel and Scoring Process

The assignment of Severity (S), Occurrence (O), and Detection (D) scores was con-
ducted through a structured expert evaluation process. An expert panel consisting of
experienced maintenance engineers, reliability specialists, and operations personnel was
formed to ensure accurate and context-specific assessment of failure modes.

The panel included 5 experts with an average of 15 years of experience in heavy
industrial vehicle maintenance within aluminum smelting operations. The experts were
selected based on their technical expertise, familiarity with equipment behavior, and
involvement in maintenance decision-making processes.

A consensus-based approach was adopted for scoring, where each failure mode was
evaluated collaboratively. In cases of disagreement, discussions were conducted until
agreement was reached to ensure consistency and reliability of the assigned scores. The
scoring process was supported by historical maintenance records and operational data to
minimize subjectivity and enhance data-driven decision-making. This structured expert-
driven evaluation ensures that the derived RPN and ERPN values reflect both practical
operational experience and quantitative maintenance data.

2.5. Economic Risk Priority Number (ERPN) Formulation
2.5.1. Economic Cost Modeling and Normalization

To incorporate economic impact into failure prioritization, three cost components were
considered: maintenance cost (C;), manpower cost (Cy), and production loss (Cs). The total
cost associated with each failure mode was calculated as

CiZCl +C2+C3 (2)

where the following definitions are used:

C; represents the direct maintenance cost, including spare parts and repair expenses;
C; represents manpower cost based on labor hours and workforce allocation;
Cj3 represents production loss resulting from equipment downtime.

Given that cost components vary significantly in magnitude, a normalization pro-
cess was applied to ensure comparability across failure modes. The cost factor (C¢) was
calculated by scaling the total cost relative to the maximum observed cost in the dataset,
as follows:

Cf:( Ci >><100 ©)

szzx
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where C; represents the total cost associated with a given failure mode, and Cpmayx represents
the maximum total cost observed among all failure modes.

This normalization expresses the economic impact of each failure mode as a percentage
of the most costly failure event, thereby preserving proportional differences between failure
modes while avoiding distortion caused by absolute cost magnitudes. Unlike subjective
weighting approaches, this data-driven normalization ensures consistency, transparency,
and reproducibility in the integration of economic impact into the risk assessment process.

Furthermore, this scaling approach allows for seamless integration with the RPN
formulation, enabling the development of the proposed Economic Risk Priority Number
(ERPN) as a combined technical-economic risk indicator. This approach differs from tradi-
tional cost-based FMEA methods that rely on predefined or subjective weighting schemes,
as it utilizes actual operational data to dynamically scale economic impact. Additionally,
this normalization ensures that the cost factor remains bounded and comparable across
different datasets and operational contexts

2.5.2. ERPN Formulation

To overcome the limitations of conventional RPN, the Economic Risk Priority Number
(ERPN) is defined by integrating the normalized cost factor (Cy) with the traditional RPN
formulation:

ERPN = RPN x C¢ (4)

where RPN =S x O x D and Cs represents the normalized economic impact associated
with each failure mode.

This formulation enables the prioritization process to incorporate both technical risk
(severity, occurrence, detection) and economic consequences, providing a more compre-
hensive and realistic assessment of failure criticality. The multiplicative integration of
RPN and C; was selected to preserve the interaction between technical risk factors and
economic impact.

Unlike additive models, which may dilute the influence of either dimension, the mul-
tiplicative structure emphasizes failure modes that exhibit both high technical severity and
high economic impact. This ensures that critical events are amplified in the prioritization
process, making the approach particularly suitable for industrial decision-making contexts
where both reliability and cost are key considerations.

Furthermore, this formulation maintains compatibility with the traditional RPN frame-
work while enhancing its practical relevance through the integration of data-driven eco-
nomic factors.

To ensure transparency and reproducibility, a comprehensive FMEA Table 5 was
developed. The table includes all identified failure modes, their associated subsystems,
Severity (S), Occurrence (O), and Detection (D) scores, as well as the calculated Risk Priority
Number (RPN). In addition, economic cost components including maintenance cost (Cy),
manpower cost (Cp), and production loss cost (C3) were incorporated to compute the total
cost (C;) for each failure mode. A normalized cost factor (C;) was then derived to eliminate
scale differences and enable objective comparison across failure modes. Finally, ERPN
values were calculated to reflect both technical risk and economic impact.
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Table 5. Comprehensive FMEA results with economic cost integration and ERPN-based prioritization of failure modes.
. . Severity  Occurrence Detection Maintenance Manpower Production Total Cost Normalized
Component Failure Mode Failure Effect ) ©) D) RPN Cost (Cy) Cost (Cy) Loss Cost (Cs) (<) Cost Factor (Cy) ERPN
Eneine Eneine overhaul Complete loss of vehicle operation
g 8L . leading to extended downtime and 9 8.2 4 294 14,769 1600 1,664,400 1,680,769 88 25,805
System (major failure) O .
significant production loss
Loss of hydraulic pressure
Hydraulic Hydraulichose ~ resulting in system malfunction 7 10.0 5 350 1506 1600 1,664,400 1,667,506 87 30,448
system failure and inability to perform critical
operations
. Accelerated wear of mechanical
Excessive components leading to reduced
Drivetrain  vibration during mp bt 1 8 13 6 60 139 1570 1,633,193 1,634,901 85 5140
operation equipment reliability and potentia
P secondary failures
Gradual loss of hydraulic fluid
Hydraulic Hose causing reduced system efficiency
; ’ 7 10.0 4 280 200 1760 1,830,840 1,832,800 96 26,773
system leakage/wear and increased risk of sudden
failure
. Degradation of hose integrity
Hydraulic _ Hose leading to leakage, pressure drop, 7 10.0 4 280 13 1480 1,539,570 1,541,063 80 22,511
system aging/leakage .
and eventual system failure
Misalignment and increased
Drivetrain Worn bush _mechanical play resulting in 7 13 3 26 891 1840 1,914,060 1,916,791 100 2637
vibration, noise, and progressive
component damage
Fluid leakage leading to reduced
Hydraulic Seal/hose hydraulic performance and 7 10.0 4 280 72 1360 1,414,740 1,416,172 74 20,687
system leakage potential contamination of
surrounding components
Reduced power transmission
Transmission ~ Coupler internal 'eff1c1e.r}cy causing operatlpnal 6 18 4 43 1005 1120 1,165,080 1,167,205 61 2607
System wear instability and increased risk of
system failure
. Loss of structural integrity leading
Mechanical Loose axle to unsafe operation and potential 7 0.7 4 19 23 1180 1,227,495 1,228,698 64 1186
System fastening . : )
catastrophic mechanical failure
Improper torque transmission
Transmission Co.upller wear/ resulting in vibration, efficiency 6 18 4 43 192 960 998,640 999,792 52 2233
System misalignment loss, and accelerated component

degradation
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The results demonstrate that several failure modes with moderate RPN values be-
come highly critical when economic impact is considered, highlighting the importance of
integrating cost factors into failure prioritization.

2.5.3. Sensitivity Analysis of Cost Factor (Cy)

To evaluate the robustness of the proposed ERPN formulation, a sensitivity analysis
was conducted on the cost factor (Cy). Since the ERPN model integrates economic impact
through a multiplicative relationship with RPN, it is important to assess how variations in
cost normalization influence the prioritization results.

The analysis showed that although absolute ERPN values varied under different
scaling approaches, the relative ranking of critical failure modes remained consistent.
This indicates that the prioritization outcome is not sensitive to the specific normalization
method used, provided that proportional economic relationships between failure modes
are preserved.

These findings demonstrate that the proposed ERPN framework is robust with respect
to cost factor normalization and provides stable prioritization results. Furthermore, the
multiplicative integration of RPN and C; ensures that both technical risk and economic
impact are jointly considered, offering a more comprehensive and reliable decision-making
tool compared to conventional RPN-based approaches.

3. Results
3.1. RPN-Based Risk Analysis

The traditional Risk Priority Number (RPN) approach was first applied to evaluate
and rank failure modes across the different subsystems of heavy industrial vehicles. This
analysis provides a baseline understanding of failure behavior based on severity, occurrence,
and detection.

Figure 2 presents the cumulative subsystem-level RPN distribution across the vehicle

systems.
Distribution of Subsystem Risk Contribution
Based on Classical RPN
32.0% 32.1% 35.0%
o )
] 30.0% %
o
50.4% 25.0% =
20.0% 2
15.0% ©
(&
6.7% 10.0% Z
4.1% 4.6% &
50% —
] [] L] g
— 00% @
Others Body Electrical Engine Hydraulic Wheels 8
system System system System

Vehicle Subsystems

Figure 2. Subsystem risk contribution (%) for classical RPN.

The RPN analysis indicates that the wheel and hydraulic subsystems exhibit the
highest cumulative risk contributions. This is primarily attributed to the high frequency of
moderate-severity failures, such as tire punctures and hydraulic line leaks. These frequent
failure events lead to elevated occurrence scores, resulting in higher RPN values.
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In contrast, the engine subsystem, despite its critical operational role, exhibits a
relatively lower RPN ranking. This is because engine failures occur less frequently, even
though they are associated with high severity. As a result, the traditional RPN framework
tends to prioritize frequent failures over less frequent but more severe events.

To further examine the distributional behavior of subsystem risks under the classical
RPN method, a box plot representation was constructed, as shown in Figure 3.

100

20 R
z
a
&
¥ 60 S—
w
s
O
E
5 40
z

20 é %

0

Body  Electrical Engine System Hydraulic system  Wheels System
system
Component

Figure 3. Box plot of normalized classical RPN categorized by component (subsystem).

Figure 3 illustrates the dispersion of and median differences in normalized classical
RPN values across subsystems. These results show that the wheel and hydraulic systems
have the highest median values and variability, reflecting their frequency driven dominance
in the traditional FMEA framework.

Since the normalized RPN values were found to be non-normally distributed and
positively skewed, the Kruskal-Wallis nonparametric test was applied to assess statistical
differences among subsystems. The results indicate a significant difference between groups
(x2 =846.07, df = 4, p < 0.0001). The relatively high chi-square value is attributed to the
large sample size and the variability of failure distributions across subsystems. Given that
the dataset consists of 2303 failure events, even moderate differences between subsystem
distributions can result in amplified test statistics. Therefore, the high x? value reflects
strong statistical separation rather than an anomaly.

3.2. ERPN-Based Risk Analysis

The Economic Risk Priority Number (ERPN) integrates both technical risk and eco-
nomic impact into a unified prioritization framework. By combining the traditional RPN
with the normalized cost factor (C¢), the ERPN emphasizes failure modes that are not only
frequent and severe but also economically significant.

The results in Figure 4 reveal a significant shift in subsystem prioritization compared
to the classical RPN analysis. While the RPN approach identified the wheel and hydraulic
subsystems as the most critical primarily due to their high frequency of moderate severity
failures the ERPN results highlight the dominant importance of the engine subsystem.
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Figure 4. Subsystem Risk Contribution (%) for ERPN.

Under the ERPN framework, the engine subsystem exhibits the highest cumulative
risk (/2028), followed by the hydraulic subsystem (~1498) and the wheel subsystem
(~846). This shift occurs because engine failures, although less frequent, are associated
with substantial economic consequences, including extended downtime and significant
production losses.

In contrast, wheel-related failures such as tire puncturing occur more frequently
but incur relatively lower costs per event. As a result, their overall contribution to risk
decreases when economic impact is considered. This demonstrates that frequency-based
prioritization alone may overestimate the importance of frequent but low-impact failures,
while underestimating rare but high-consequence events.

A direct comparison between RPN and ERPN results confirms that several failure
modes with moderate RPN values become highly critical when economic factors are
incorporated. This finding highlights the limitations of the classical RPN approach and
underscores the importance of integrating cost-based metrics into failure prioritization
frameworks. To further analyze the distribution of ERPN values across subsystems, a box
plot representation is shown in Figure 5.

Figure 5 demonstrates that the engine subsystem exhibits higher dispersion and
upper quartile values compared to the classical RPN results, reflecting the influence of
economic weighting on subsystem risk prioritization. The Kruskal-Wallis test confirmed
statistically significant differences in ERPN distributions across subsystems (x2 =131.69,
df =4, p < 0.0001).

Preliminary analysis indicated that both normalized RPN and ERPN values exhibit
non-normal distributions with positive skewness. Therefore, the Kruskal-Wallis nonpara-
metric test was selected to evaluate subsystem-level differences.

Table 6 presents the top critical failure modes ranked based on ERPN. The results
clearly indicate that economically driven prioritization leads to a different risk hierarchy
compared to traditional RPN-based methods.

https:/ /doi.org/10.3390/machines14050491


https://doi.org/10.3390/machines14050491

Machines 2026, 14, 491

12 0f 18

10

Norm ERPN
[+)]

o =

Body  Electrical system Engine System Hydraulic system Wheels System
Component

Figure 5. Box plot of normalized ERPN categorized by component (subsystem).

From an engineering perspective, the findings suggest that maintenance strategies
should prioritize failure modes with high economic consequences rather than focusing
solely on frequently occurring issues. This is particularly important in capital-intensive
industrial environments, where downtime-related losses significantly exceed direct re-
pair costs.

The integration of the normalized cost factor (C¢) within the ERPN formulation enables
a balanced evaluation of both technical risk and economic impact, thereby enhancing the
practical applicability of FMEA in industrial maintenance planning.

Overall, the ERPN-based analysis provides a more realistic and decision-oriented
representation of subsystem criticality by aligning technical risk assessment with economic
impact. This enables more effective prioritization of maintenance actions, particularly in
industrial environments where downtime costs are substantial.

Table 6. Subsystem ranking comparison based on RPN and ERPN.

Subsystem Rank (RPN) Rank (ERPN) Change
Wheels System 1 3 -2
Hydraulic System 2 2 0
Engine System 3 1 T+2
Electrical System 4 6 -2
Body 5 5 0

Table 6 presents a comparison of subsystem rankings based on the classical RPN
and the proposed ERPN approaches where | means the ranking reduced while 1+ means
the ranking increased. A clear shift in prioritization is observed. Under the traditional
RPN method, the wheel and hydraulic subsystems are ranked as the most critical due to
their higher failure frequency. However, when economic impact is incorporated through
ERPN, the engine subsystem becomes the highest priority, reflecting its substantial cost
consequences despite lower failure frequency.

This re-ranking demonstrates that ERPN provides a more realistic prioritization by
aligning risk assessment with economic impact, thereby enabling more effective mainte-
nance decision-making. It further highlights that frequency-based prioritization alone may
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underestimate economically critical failures, which are more accurately captured using the
ERPN framework.

3.3. Engine Failure Analysis

Following the data collection stage, a detailed technical investigation of engine failures
was conducted for vehicles operating in aluminum smelter environments. The objective
was to identify the dominant engine failure modes contributing to unplanned downtime
and to investigate their root causes using maintenance records, inspection reports, and
physical failure evidence:

1. SAP Maintenance Logs: This indicated when an engine was overhauled, what parts
were replaced, and how long it was down.

2. OEM 6Site Inspection Reports (Cummins/UES): This provided technical source
feedback, diagnostic trouble codes (DTCs), and service comments for each vehicle

3. Evidence of Field Failure: Disassembly and examination of field-failed engines
documented damage to parts based on photographs and metallurgical sections.

To ensure that the data was traceable and accurate, every failure report was cross-
checked with the engine serial number and number of hours accumulated. The analysis
concentrated on the Cummins QSB6.7 and QSB5.6 engine models utilized in Anode Pallet
Transport Vehicles (APTV) and Bath Tapping Vehicles (BTV), the two fleets exhibiting the
highest incidence of engine related failures.

3.3.1. Engine Block Failures

Several vehicles had cracks and breaks in the engine block, especially near the
crankcase (Figures 6 and 7) as shown in red rectangle. There was visual evidence that
mechanical damage was thus severe, it would cause abrupt failure of internal components.
Root cause tracing revealed that these failures were triggered by the loss and overheating
of coolant, which resulted in a decrease in strength for the cylinder block structure and
gradual deterioration of the material structure weaker and caused the material to wear out
over time.

3.3.2. Deformation of the Push Rod and Valve Train

Several cases showed bent push rods and valve train parts (Figure 8) as shown in
red rectangle. The problems were caused by valves that were not set up right, hydraulic
lifters that did not work, and overheating that made the valves expand and hit the pistons.
The bending messed up the timing of the valves, which led to a bad misfire and low
compression.

Figure 6. Engine block damage.
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Figure 8. Push rod bending.

3.3.3. Breakage of the Piston and Connecting Rod

Engine tear examinations (Figure 9) as shown in red rectangle confirmed that the
pistons and connecting rods were broken. A metallurgical analysis indicated that oil
starvation and thermal shock were the primary causes. In most cases when lubrication
was lost, the crankshaft continued to rotate for a short time, during which fatigue cracks
developed and propagated until one rod broke.

Figure 9. Piston and connecting rod damage.

3.3.4. Oil Leaking and Seals Breaking Down

The patterns of oil leaking also appeared around turbo return lines and crankcase
vents, as shown below (Figure 10) as shown in red rectangle. The leaks increased because it
had been exposed to high temperatures and conductive dust for an extended period, which
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lead the seals to harden and the pressure in the container to decrease. The oil did not stop
leaking, thus low oil pressure fault codes and engine history were logged in the ECM.

Figure 10. Engine oil leak.

3.3.5. Electronic Diagnostic Evidence

The ECM logs (Figures 11-13) validated what was identified by the physical inspection.
Several data inputs displayed high coolant temperature (107.7 °C) and low coolant level
alarms, which occurred multiple times during several operating cycles prior to system
failure. Inactive fault histories demonstrated that early warnings were issued but not
heeded appropriately, indicating a problem with condition monitoring. For low coolant
level, there are multiple dormant faults (512-803 counts), which strongly indicates that a
systemic issue with the cooling system is leading to the mechanical failures observed.

74/ DP.
File Edit  View Manage License(s)  Send To Cummins  Window Help.
Disconnect from QsB4.5/6.7
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Qs85.9 CMas0
Fault Codes e
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Cranne! Torque Derate | Faul Code Derate Type Delay Before Time Based Torque
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G Diagnostic "o Darate Temperature i
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Figure 11. Engine protection setting for 4 logs with low coolant.
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Figure 12. Engine protection settings of 4 logs with a high coolant temperature and a low coolant level.
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Figure 13. Engine protection shows inactive faults with high counts of low coolant level.

4. Discussion

The results obtained from both RPN and ERPN analyses provide important insights
into subsystem risk prioritization in aluminum smelter fleets. By integrating historical
maintenance data, diagnostic information, and structured risk ranking, the study highlights
key limitations of the classical FMEA approach in harsh industrial environments.

Under the traditional RPN framework, the wheel and hydraulic subsystems were
identified as the most critical contributors to risk due to their high failure frequency.
However, this frequency-driven prioritization does not reflect the practical and economic
realities of aluminum smelter operations. In such environments, frequent failures often
result in limited downtime, whereas rare engine failures can lead to complete operational
stoppages and significant production losses.

The ERPN approach fundamentally alters subsystem prioritization by incorporating
a normalized economic cost factor into the risk evaluation process. As a result, the en-
gine subsystem emerges as the most critical, despite its lower failure frequency, due to
its substantial economic impact. This finding demonstrates that financial and operational
consequences must be considered alongside technical risk when defining maintenance pri-
orities in capital-intensive industries. While the hydraulic subsystem remains a significant
contributor due to its combined frequency and cost, the wheel subsystem is appropriately
deprioritized when economic impact is considered.

The diagnostic analysis further supports these findings, identifying overheating and
lubrication-related issues as the primary causes of catastrophic engine failures. Repeated
low coolant level and low oil pressure warnings were observed in engine control module
(ECM) logs prior to failure events, indicating that early warning signals were available but
not effectively utilized. This highlights the importance of integrating condition monitoring
with proactive maintenance strategies to prevent high-impact failures.

The statistical analysis confirms that failure risks are not uniformly distributed across
subsystems. The significant differences observed using the Kruskal-Wallis test support
the need for a differentiated prioritization framework such as ERPN. From an industrial
perspective, the findings emphasize that prioritizing failures based solely on frequency
may lead to inefficient resource allocation. The ERPN approach enables maintenance teams
to focus on high-cost, high-impact failures, thereby improving operational availability and
reducing financial losses.

Compared to conventional and advanced FMEA approaches, the proposed ERPN
framework provides a practical and data-driven prioritization mechanism. Unlike tradi-
tional RPN, which assigns equal importance to severity, occurrence, and detection, ERPN
integrates actual economic consequences, aligning risk prioritization with business impact.
While fuzzy FMEA and AHP-based models improve decision-making under uncertainty,
they often introduce additional complexity and rely on subjective weighting schemes. In
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contrast, ERPN maintains computational simplicity while enhancing realism through the
integration of operational cost data.

Future research may extend this work by benchmarking the ERPN framework against
fuzzy FMEA- and AHP-based approaches to quantify performance differences under
conditions of uncertainty. In addition, integrating ERPN with predictive maintenance
and machine learning techniques could further enhance its capability for real-time risk
assessment and decision support.

5. Conclusions

This study presented an enhanced failure prioritization framework based on the
Economic Risk Priority Number (ERPN), integrating economic impact into the traditional
FMEA approach. By incorporating maintenance cost, manpower cost, and production loss
into a normalized cost factor, the proposed method enables a more realistic assessment of
failure criticality in industrial environments.

The results demonstrated that while conventional RPN tends to prioritize failures
based on frequency and detectability, the ERPN framework shifts the focus toward econom-
ically critical failure modes. Engine-related failures were identified as the most significant
contributors to operational risk due to their substantial downtime and production loss
impact. This highlights the limitations of traditional RPN and underscores the importance
of integrating economic considerations into maintenance decision-making.

Overall, the proposed ERPN framework provides a practical, data-driven tool
for improving maintenance prioritization and resource allocation in heavy industrial
vehicle operations.

Despite the promising results, this study has several limitations. First, the analysis
is based on data from a single industrial site, which may limit the generalizability of the
findings to other operational environments. Second, the assignment of Severity, Occurrence,
and Detection scores relies partly on expert judgment, which may introduce a degree of
subjectivity despite efforts to standardize the scoring process. Third, the ERPN model
depends on the accuracy and availability of cost data, which may vary across organizations.
Finally, the sensitivity of the cost factor to extreme values may influence prioritization in
cases with highly skewed cost distributions.

Future work can extend the proposed ERPN framework by integrating real-time
condition monitoring and machine learning techniques for predictive maintenance. The
incorporation of IoT-based data acquisition systems can enable the dynamic updating of
risk priorities based on actual operating conditions.
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