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Abstract — This study proposes a rule-based Human-
in-the-Loop (HITL) framework for condition-based
maintenance in sensor-limited industrial environments.
The framework integrates a Numeric Health Score
(NHS) based on five operating parameters—vibration,
RPM slip, motor temperature, suction pressure, and
PDI/PDIT—with an Ordinal Utility Model (OUM) that
quantifies qualitative field-operator assessments. The
scores are fused using a = 0.65 to generate a Health Index
(HI), classified into HEALTHY (HI > 75), WATCH (55
<HI <75), DEGRADED (35 < HI <55), and CRITICAL
(HI < 35). Model robustness was evaluated using two
Monte Carlo experiments (N = 10,000), yielding a
Spearman rank correlation of p = 0.9853 (p < 0.001).
Bootstrap resampling (N = 10,000 per pump) was used to
estimate 95% confidence intervals. A three-signal HITL
mechanism based on bootstrap confidence level,
Classification Stability Rate (CSR), and boundary
proximity identifies pumps requiring verification before
maintenance decisions. Application to 16 centrifugal
pumps over 30 days resulted in 11 HEALTHY (68.75%),
4 WATCH (25.0%), and 1 DEGRADED (6.25%), with
no CRITICAL pumps. Two pumps (12.5%) required
HITL review, and one was downgraded from WATCH
to DEGRADED after its confidence interval crossed the
classification boundary. The framework supports
maintenance prioritization by directing operator or
engineer verification toward pumps with greater
uncertainty or deterioration risk, while reducing
unnecessary  inspection and  sensor-deployment
requirements. It provides an auditable and reproducible
approach for condition-based maintenance and
progressive maintenance digitization.

Keywords: Centrifugal Pump, Health Index, Numeric
Health Score, Ordinal Utility Model, Human-in-the-Loop.

Creative Commons Attribution-NonCommercial-
T ShareAlike 4.0 International License.

SIS

I. INTRODUCTION

Centrifugal pumps are among the most critical pieces
of equipment in the oil and gas industry, particularly
at fuel terminals. Pump failure can result in operational
disruptions, economic losses, and even safety risks.

http://doi.org/10.33387/protk.v13i3.12401

Therefore, condition monitoring is a crucial activity in
condition-based  maintenance  [1], [2]. The
development of machine learning and deep learning
technology has encouraged various research,
especially related to machine damage diagnosis,
including centrifugal pumps [3], [4]. However, such
approaches generally assume the availability of
integrated and continuous real-time sensor data, as in
an integrated SCADA system [5], [6].

Extensive research has been conducted on
centrifugal pump condition monitoring using
vibration, pressure, and motor current signals.
Pressure measurements on the suction and discharge
sides of the pump can be used to effectively detect
changes in operational conditions [7], [8]. Motor
current signature analysis (MCSA) can also be used to
identify electrical and mechanical anomalies without
additional sensors [9], [10]. On the other hand, the
integration of Variable Frequency Drive (VFD) data
with the use of deep learning is starting to be applied
to predict remaining service life [11], [12]. Although
the methods described above have followed current
technological developments, they still rely on online
sensor data which is not always available in all
industrial facilities.

At many fuel terminals in Indonesia, pump
operational data collection is still done manually by
operators. Data such as RPM (using a tachometer),
vibration (vibration meter), temperature (thermogun),
and pressure (pressure gauge) are recorded
periodically in a logbook or equipment historical data
form. This condition often presents challenges related
to decision-making on equipment, where available
data is sparse, has variability due to human factors, and
often may be incomplete. International standards such
as ISO 20816-3:2022 provide guidelines for the
measurement and evaluation of vibration for industrial
machines with capacities above 15 kW and operating
speeds of 120 r/min and 30,000 r/min [13], [14]. API
610 specifies the technical requirements for
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centrifugal pumps in the oil and gas industry [15],
[16], and TIEC 60034-1 regulates the performance
specifications for rotating electrical machines
(including those related to temperature or thermal
requirements) [17], [18]. However, the application of
these standards in manual data measurement-based
environments has rarely been explored in a systematic
and integrated manner [19], [20].

In sensor-limited maintenance environments, a
standard-based rule system offers a practical
alternative to data-intensive machine learning, fuzzy
logic, and conventional expert systems. Machine-
learning approaches generally require sufficient
historical and labeled data, which may not be
consistently available when pump measurements are
collected manually. Fuzzy logic can accommodate
uncertainty and gradual transitions between equipment
conditions; however, its implementation requires the
definition of membership functions and rule bases that
may introduce additional subjective assumptions.
Conventional expert systems can incorporate expert
knowledge, but their effectiveness depends on the
completeness and consistency of the knowledge
encoded in the system. In contrast, a standard-based
rule system directly translates measured operating
conditions into explicit health categories using
established engineering thresholds. In this study, 1SO
20816-3:2022, API 610, IEC 60034-1:2017, and API
682 are used as the basis for defining parameter
thresholds. This approach provides transparent,
traceable, and auditable decision criteria and does not
require a large training dataset. Therefore, it is
appropriate for sparse and manually collected
operational data while still allowing qualitative
operator knowledge to be incorporated through the
Ordinal Utility Model (OUM).

To bridge this gap, this study proposes a rule-based
CBM framework specifically designed for sensor-
limited environments. The approach integrates two
complementary data sources: (1) a Numeric Health
Score (NHS) calculated from five operating
parameters—vibration, RPM slip, motor temperature,
suction pressure, and PDI/PDIT—with Analytic
Hierarchy Process (AHP)-based weighting; and (2) an
Ordinal Utility Model (OUM) that extracts and
quantifies qualitative information from operator
records or routine inspection results. Previous studies
have emphasized that direct observation and field
inspection by operators remain important components
in interpreting machine conditions [21], [22]. In this
study, these observations are incorporated into a
structured and auditable decision framework to
complement quantitative measurements and produce a
Final Health Class (FHC).

This study addresses two research gaps. First, there
is a need to integrate numerical operating data and
qualitative operator assessments through a transparent
and auditable rule-based framework, particularly in
industrial environments where data are sparse and

207

manually collected. Second, there is a need for a
statistical ~ probability-based = Human-in-the-Loop
(HITL) mechanism that explicitly incorporates
uncertainty into equipment health classification and
maintenance decision-making [23]. In this framework,
measurement uncertainty is evaluated using Monte
Carlo simulation and bootstrap resampling with N =
10,000 iterations [24]. The resulting uncertainty
information is used as a confidence gate, where stable
classifications can be processed automatically, while
unstable classifications or conditions requiring further
verification are referred to operators. This approach
provides a structured mechanism for maintaining
human oversight in sparse-data condition monitoring
and supports more reliable and explainable
maintenance decisions.

I1.METHOD

This research develops a Condition-Based
Maintenance (CBM) framework with a standard-based
rule system specifically designed for industrial
environments with limited real-time sensors. The
methodology integrates manual data acquisition,
Multi-Criteria Decision Making-based parameter
weighting, Numeric Health Score (NHS) scoring,
Ordinal Utility Model (OUM) fusion, bootstrap
confidence estimation using Monte Carlo, and a Final
Health Class (FHC) mechanism through HITL gating.
Data processing is performed computationally and
implemented using Python (with several supporting
libraries such as pandas, numpy, scipy, matplotlib)
with a documented and reproducible processing flow.
Meanwhile, the pump operational data used comes
from daily manual operator records at the fuel terminal
over a 30-day period.

A. Numeric Health Score (NHS) and Weight
Determination with Analytic Hierarchy Process
(AHP)

The NHS is a quantitative health score derived from
five operational parameters evaluated against
applicable engineering standards. It represents
objective, measurement-based evidence of pump
condition, whereas the OUM represents contextual
and qualitative evidence obtained from operator
observations and field assessments. The distinction
between these two evidence types forms the
conceptual basis for their subsequent fusion, in which
measurement-based evidence is given greater
influence while operator knowledge is retained as
complementary information.

1. Score Per Parameter

Each parameter is converted into a discrete numeric
score of 100, 75, 50, or 25 using a standard-based
stepwise threshold function. The four scores represent
the Normal, Watch, Warning, and Alert conditions,
respectively. This discrete mapping was selected
because the primary objective of the NHS is to
translate engineering standard limits into operationally
interpretable maintenance categories rather than to
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represent a continuous physical degradation function.
However, the stepwise approach may introduce
discontinuities near threshold boundaries, where a
small change in the measured value can result in a
change of 25 points in the parameter score. Therefore,
the effect of the stepwise scoring scheme on boundary
sensitivity is further examined through a piecewise-
linear sensitivity analysis.

Table 1. Threshold Scoring per NHS Parameter

Score Score Score  Score

Para  Reference 100 75 50 25

meter  Standard (Nor (Watc (War (Alert

mal) h) ning) )

Vibra ISO <23 23- 45- >71
tion 20816- 45 7,1

(mm/ 3:2022

S)

RPM API 610 <3% 3- 8- >
Slip 12th Ed. 8% 12%  12%
(%

absol
ute)

Temp IEC

eratur  60034- <55 o 07 >80

e 1:2017

Sucti
on 01- 00-

(Kglc API610  >0,3 0.3 01 <0
m?2)

Pgl'f . 0030 0080
(bar) AP1682 0,030 0,080 0150 0,150

The threshold values in Table 1 are applied using a
stepwise scoring approach, in which each measured
value is assigned to one of four predefined health
scores: 100, 75, 50, or 25. This approach provides a
clear and consistent classification based on the
applicable technical standards. However, the stepwise
function creates a discontinuity at each threshold. For
example, a small change in vibration around a
threshold may cause the parameter score to change
from 75 to 50, even though the actual difference in the
measured vibration value is relatively small.
Therefore, observations located close to the threshold
boundaries may be more sensitive to small
measurement variations.

To assess this potential sensitivity, a piecewise-
linear scoring function is used as a supplementary
sensitivity analysis. In this approach, values between
two consecutive thresholds receive an interpolated
score rather than an immediate transition from one
discrete score to another. The linear score is calculated
using:

Siz1— S
Stinier (X) = S; + (L> (x-T1)
Tivi— T;

Where (x) is the observed measurement, T; and T},
are two consecutive threshold values, and S; and S; ., ;
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are their corresponding scores. The primary model
retains the stepwise scoring because its objective is to
classify pump conditions according to standard-based
maintenance categories, while the piecewise-linear
formulation is used only as a sensitivity analysis.

AHI = |HIstep _H[linierl

Where (HI.p, ) is the Health Index calculated using
the primary stepwise scoring function and (H1I,;,er) IS
the Health Index calculated using the piecewise-linear
scoring function. The absolute difference (AHI)
represents the sensitivity of the final Health Index to
the choice of scoring function. A larger (AHI)
indicates that the assessment is more affected by the
discontinuity of the stepwise scoring scheme.

BP = T48|HI - b], B = {35,55,75)

Where (B = {35,55,75}) represents the
boundaries between the CRITICAL, DEGRADED,
WATCH, and HEALTHY classes. (BP) represents the
minimum distance between the calculated Health
Index and the nearest health-class boundary. A smaller
(BP) indicates that the pump is closer to a
classification boundary and is therefore more sensitive
to small changes in measurement values, scoring
functions, or fusion parameters. Conversely, a larger
(BP) indicates greater separation from the nearest class
boundary and a more stable classification.

The combination of (AHI) and (BP) is used to
evaluate whether the discontinuity of the stepwise
scoring function materially affects the final health
classification. In particular, observations with a small
(BP) and a relatively large (AHI) are considered more
sensitive and therefore more likely to require further
examination through the Human-in-the-Loop (HITL)
mechanism.

The stepwise model is retained as the primary
classification model, whereas the piecewise-linear
model serves as a robustness check. A classification is
considered potentially sensitive when a relatively
large (AHT) occurs together with a small (BP), because
the difference between the two scoring schemes may
alter the assigned health class.

Here is a visualization of how threshold scoring
works visually:

Figure 1. Heatmap Visualization of Sub-Score Per
Pump
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2. Determining Weights Using The Analytic

Hierarchy Process (AHP) Method
The Analytic Hierarchy Process (AHP) method
developed by Saaty was used to determine the weight
of each parameter. The pairwise comparison matrix
was compiled based on the severity potential and early
warning capability of each parameter, as presented in
Table 2 below:

Table 2. Pairwise Comparison Matrix (PCM)

Suction 00909  9,09% Situational, depgn_ding
Pressure on process conditions
PDIT Situational as a
comparison of the
0,0909 9,09%  pressure measured on
the pressure gauge
with the transmitter
Total 1,0000 100%

Vibra RPM  Motor . PD

Parameter . . Suction

tion Slip Temp I
Vibration 1 1 1 3 3
RPM Slip 1 1 1 3 3
Motor 1 1 1 3 3
Temp
Suction 1/3 1/3 1/3 1 1
PDI/PDI 1/3 1/3 1/3 1 1

The normalization of columns and priority vectors
(eigenvectors) is obtained from the following
calculation:

Each element a; is divided by the number of
columns Y1, a;
Where:

a) a ;o the pairwise comparison value between the

i-th parameter and the j-th parameter using the
Saaty fundamental scale (1-9). Where a; > 1

indicates that parameter i is more important than

parameter j, while aa; < 1 indicates the
opposite.
b) a_norm: the column normalization of the

pairwise comparison matrix in Table 2.
c) n:parameters used in the study

The number of each PCM column above is:
Vibration column = 3.667; RPM Slip column = 3.667;
Motor Temp column = 3.667; Suction column
11,000; PDI column = 11,000. After obtaining the
PCM column normalization above, the next step is to
calculate the priority vector (eigenvector) as the row
average of the normalization matrix, as shown in Table
3 below:

Table 3. AHP Weights — Eigenvector Results of PCM
Normalization

Parameter Weight  Percent Justification
(w) age

Vibration Mechanical indicators
Pump DE 0,2727 27,27%
RPM Slip Electrical and

0,2727 27,27% mechanical efficiency

indicators

Motor Motor insulation and
Temperat  0,2727 27,27%  cooling conditions
ure
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After obtaining the above results, a consistency test
(Consistency Ratio (CR)) was carried out with the
following formulation:

n
1 A.w)i
Amax = E (Aw)i _
n w;
i=1

_Amax-n _ 5-1

Cl =0

=1

n-1

For n=5, the standard Saaty Random Index (RI)
value is 1.12.

Where:

a) A max: the largest eigenvalue of the pairwise
comparison matrix A

b) w: represents the relative weight of each

parameter in the condition monitoring system.

Consistency Index (CI): a quantitative metric that
measures the degree of logical inconsistency in
the pairwise comparison matrix.

c)

The CR value is as follows:

O —
112

CR=S=""=0 ..
RI

Because CR < 0.10 the matrix is declared consistent
and the weights can be used.

B. Ordinal Utility Model (OUM) and NHS-OUM
FUSION

OUM quantifies the qualitative assessment of

operators in the field that cannot be captured by

sensor data. The four OUM components are

obtained from three different data sources as

shown in Table 4 below:

Table 4. OUM Components and Ordinal Mapping to
Numeric Scores

Mapping

Compo  Data Weight  Ordinal
nents  Source

— Score

oum_fl  FLAG OK—10

ag_rp _RPM 0

m _SLIP 0 WARN

@ity 0% 5o

data) ALERT

—25
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oum_c  Overal HEALT
onditio | HY—10
n Condit 0
ion DEGRA
@aity 3% DED-S
data) 0
CRITIC
AL—25
oum_s  Self- LOW—1
everity  Analys 00
is (per WATCH
pump) —65
MEDIU
25% M50
HIGH—
35
CRITIC
AL—25
oum_  Inspect Normal
manpo ion —100
wer Refere Standby
nce —85
(per Monitor
pump) 15% —65
Perhatian
—50
Tindakan
—25
oum_c FLAG OK—10
onditio _RPM 0
n SLIP WARN
@ity 0% 5o
data) ALERT
—25
4
OUMseore = % ...................................... )
Where:
1) sk is the numerical score of the kth component

resulting from ordinal mapping

2) wy is the weight of the kth component (in

percentage, with Y}, w,, = 100%

The final Health Index (HI) is obtained through linear
fusion of NHS and OUM with parameter a = 0.65:

HI = a X NHSfinal + (1 - a’) X OUMSCore;
a = 0,65

Where:

NHS final is the numerical health score of the
operating parameters (vibration, RPM slip, motor
temperature, suction pressure, and PDI/PDIT) that has
gone through the AHP and aggregation process,

OUMg, is the score from Equation 4, a is the
weighting coefficient that determines the relative
dominance of NHS over OUM.

The fusion coefficient (a¢ = 0.65) is defined as the
baseline configuration to give greater influence to the
quantitative NHS while retaining OUM as
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complementary qualitative evidence. This weighting
rationale is based on the different evidential
characteristics of the two components: NHS is derived
from five operational parameters evaluated against
engineering standard thresholds, whereas OUM
represents contextual information obtained from
operator observations that may not be captured by the
available measurements. Therefore, the 65:35
configuration is intended to prioritize objective
standard-based evidence without eliminating the
contribution of field-based expert knowledge.

Importantly, (¢ = 0.65) is not assumed to be a
universally optimal value. It is treated as the baseline
configuration and its robustness is examined through
a Monte Carlo sensitivity analysis in which a is varied
from 0.50 to 0.80. For each simulated a value, the
resulting Health Index, classification stability rate,
boundary-crossing frequency, and HITL activation are
evaluated and compared with the nominal o = 0.65
configuration. The 65:35 configuration is considered
robust when its classification performance remains
stable and does not show systematic deterioration
relative to neighboring o values. This analysis
therefore provides an empirical basis for retaining o =
0.65 rather than treating the 65:35 ratio as an arbitrary
fixed assumption. HI is classified into four classes:
HEALTHY (HI > 75), WATCH (55 < HI < 75),
DEGRADED (35 < HI < 55), and CRITICAL (HI <
35).

C. Monte Carlo Validation
Confidence Estimation

Statistical validation was performed using Monte
Carlo simulation and bootstrap resampling to evaluate
the robustness of the AHP-derived weights, the NHS—
OUM fusion coefficient, and the uncertainty of the
resulting Health Index. A total of 10,000 Monte Carlo
iterations were performed for each experiment.
Experiment A: Robustness of AHP Weights. The
stability of the AHP-derived parameter weights was
evaluated by generating perturbed weight vectors
using a Dirichlet distribution:

and Bootstrap

Wsim ~ Dirichlet(a = Wyominat X K), K =
10

Wiominar 18 the nominal weight vector.

Kk is the concentration parameter controlling the
magnitude of weight perturbation, and,

Wgim 1S the simulated weight vector. For each
iteration, the NHS and subsequent Health Index
were recalculated using the simulated weights.
This procedure evaluates whether small plausible
variations in the AHP weights materially affect
pump ranking and health classification.

Experiment B: Robustness of the NHS-OUM
Fusion Coefficient. The robustness of the proposed
fusion coefficient was evaluated by varying (\alpha)
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over the interval 0.50-0.80:
Agim ~ Uniform(0,50; 0,80), N =
10.000 iterasi

For each iteration, a value of (ag;,) was sampled
and used to recalculate the Health Index according to:

Hlsim = asimNHSfinal + (1 - asim)OUMscore

The resulting Health Index, health-class
assignment, classification stability rate (CSR),
boundary-crossing frequency, and HITL activation
were compared with the nominal configuration of (a
= 0.65). The purpose of this analysis is not to assume
that (a = 0.65) is universally optimal, but to determine
whether the proposed 65:35 configuration remains
stable under plausible variations in the relative
contribution of quantitative and qualitative evidence.

The Classification Stability Rate (CSR) is
calculated as:

Nsame class

CSR = X 100%

total

Where (Nsgme ciass) 1 the number of Monte Carlo
iterations that produce the same health class as the
nominal configuration and (Nip:e; = 10.000). A
higher CSR indicates greater robustness of the
classification to parameter perturbation. A CSR below
80% is considered an indication that the classification
is insufficiently stable for fully automated decision-
making and therefore activates the HITL mechanism.

The coefficient of variation (CV) is used to quantify
the relative variability of the simulated Health Index:

ev = 21 100w
T uHI 0

Where (aHI) is the standard deviation and (uH]I) is
the mean of the simulated Health Index. A lower CV
indicates greater numerical stability of the model.

The Spearman rank correlation coefficient (p) is
used to evaluate the consistency between the nominal
pump ranking and the median ranking obtained from
the Monte Carlo simulations. A value of (p > 0.90) is
used as the criterion for strong rank-order consistency.

Sensitivity to individual parameters is further
examined using a One-at-a-Time (OAT) analysis. The
normalized sensitivity index is calculated as:

Sl =
Zﬂ?lfl—jflfm ................................................. (8)
Where
1) SI; is normalized sensitivity index of the iii-th
parameter;
2) |AHI,| is the average change in the Health Index

resulting from variation in parameter;

3) pistotal number of parameters varied in the OAT
analysis;
4) XP_,|14HI)| is total absolute average change in

the Health Index across all varied parameters.
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Bootstrap resampling was subsequently performed
to quantify the uncertainty associated with the
observed daily Health Index values. For each pump
with (n) daily observations, bootstrap samples were
generated with replacement and repeated 10,000
times. The bootstrap distribution of the mean Health
Index was used to estimate the 95% confidence
interval:

Clgs% =

[percentile(bspmeans 2,5) ; percentile(bSmeans, 97,5)]

The Confidence Level is defined as:

HIGH if the bootstrap Coefficient of Variation
(CV) is <6% and the Coefficient Index (CI) width
is <10;

MEDIUM if the CV is <15% and the CI width is
<25; and,

LOW when either criterion for the MEDIUM
category is not satisfied. The confidence-interval
width is calculated as:

1)

2)

3)

Clyiant = Clupper = Clipwer
Where:

1) Cl,ign: 1s width of the 95%

confidence interval;
Clypper is upper limit of the 95% confidence
interval;

Cliower, lower limit of the 95% confidence
interval.

bootstrap
2)
3)

Closy, = [Clyo, Clyg)
dan
cl _ (Yabe{35,55,75):Cl1o < b < Clp;
cross — 0, otherwise
Cl.,ss menunjukkan bahwa ketidakpastian

bootstrap melintasi batas kelas sehingga klasifikasi
otomatis tidak dianggap aman dan HITL diaktifkan.

The combination of Monte Carlo stability, bootstrap
uncertainty, and boundary proximity provides the
basis for determining whether a pump can be assigned
a health class automatically or requires additional
human verification through the Human-in-the-Loop
(HITL) mechanism.

The following diagram proves that the selected AHP
weights produce sensitivity to several previously
defined parameters:

03 04 05
Sensitivi (SI) — OAT £10%

Figure 2. Tornado Diégram Visualization

a7
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D. Human-In-The-Loop (HITL) Gating and Final
Health Class (FHC)

The Human-in-the-Loop (HITL) mechanism is the
final decision layer before the Final Health Class
(FHC) is assigned. Its purpose is to automatically
identify pumps with high enough classification
ambiguity to require verification by an operator or
engineer before a maintenance decision is made.

Table 5. HITL Parameters

Parameter Clc/;\nccgli\t/i?)n Justification
Confidence  _ LOW (CV > High uncertainty
Level 15% atau prevents reliable
Clyiane > 25) automated
widht = classification.
CSR Health class changes
(Monte 0 in more than 20% of
Carlo) <80% Monte Carlo
iterations.
Boundary HI is close to a class
Proximity <8 points boundary and may be
P sensitive  to  small
variations.

The HITL mechanism is activated when at least one
predefined uncertainty or classification-ambiguity
condition is satisfied. A pump is flagged for HITL
review when the bootstrap confidence level is LOW,
the Monte Carlo CSR is below 80%, or the boundary
proximity is less than 8 points. These criteria are
designed as operational safeguards to prevent
automated maintenance decisions when the numerical
assessment is unstable, the classification changes
frequently under parameter perturbation, or the Health
Index is close to a class boundary. Meanwhile, to
determine the Final Health Class (FHC), follow the
following decision logic in Table 6 below:

Table 6. Final Health Class (FHC)

Decision Condition Final Health
Path Class
AUTO_CO HITLRequire  Nominal
NFIRMED d=False HIClass
HITL required Nominal  HI
= True; Cl Class; HITL
HIL-:—IFEK/ICEOD lower _ apd revie_w
SINGLE upper I|_m|_ts required
CLASS remain within
the same
health class
HITL required Lower health
= True; class is
\l;l\/ll;ll— IG__R[,Z\CE)) bootstrap CI assigned '
ED Crosses one or  conservatively
more class
boundaries

RESULTS AND DISCUSSION

The research discussion on the monitoring or
monitoring system of 16 centrifugal pump units at the
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Fuel Terminal was conducted using the following
integrated approaches: Numeric Health Score (NHS),
Ordinal  Utility Model (OUM), Monte Carlo
validation, and Human-in-the-Loop (HITL) gating
mechanism. The data used is operational data within
30 days or 1 month. The data results obtained are used
as a reference to identify the health condition of each
pump, determine maintenance priorities, and validate
the model consistency statistically.

A. Numeric Health Score (NHS) Per Pump

NHS calculations were performed on five
operational parameters: pump vibration (ISO
20816-3:2022), RPM slip (APl 610), motor
temperature (IEC 60034-1), suction pressure
(API 610), and PDI/PDIT (API 682). The sub-
score results for each parameter and the final
NHS for 16 pumps over 30 days are shown in
Table 7.

Table 7. NHS Per Pump (Monthly Average)

pump ~ Vib RPM  Motor Su NHS =~ OUM
DE Slip Temp final  Score

PTGL- 100 100 100 100 10000 96,74 g713
110A

E'lgg"' 100 100 100 100 100,00 9574 96,03
i'zg(/ib 100 100 100 87,5 9861 9573 9584
E'ZE(BBL' 100 100 100 100 100,00 9573 9587
E'Zgg"' 100 100 100 875 9861 9562 9584
i'zgg"' 100 100 100 875 9861 9512 9536
E'ZEEL' 100 100 100 100 100,00 9517 9543
gigg L~ 100 100 100 100 9550 57,98 5984
PISE 100 100 100 100 9760 57,98 6190
;'ZE(;L' 100 50 100 100 6500 66,65 66,06
;'ZB(;"' 100 50 100 100 6500 6575 6575
PICL 100 50 100 100 6500 6620 6646
E'ZE(;L' 100 50 100 100 6500 94,83 8824
Q'ZB(;"' 100 70 100 100 79,00 94,83 9316
z'zgg"' 100 100 100 875 9861 9528 9546
E'ZE(SL' 100 100 100 100 100,00 94,94 9536

In the table above, the most crucial finding is the
contrast between NHS and OUM on P.TGL-210A and
P.TGL-210B. The final NHS of these two pumps
reached 95.50 and 97.60 because all sensor parameters
were in the normal zone. However, the OUM Score on
both pumps was only 57.98 due to the Severity =
HIGH assessment by the field operator. After fusion
(00=0.65), the Health Index (HI) dropped to 59.84 and
61.90. The HI-NHS delta of —35.66 and —35.70 points
was the largest in the dataset, confirming that the
operator's tacit knowledge assessment successfully
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corrected the optimism of the measurement or sensor
data significantly.

@
Health Index (HI)

Figure 3. Ranking Health Index 16 Pompa

B. Health Index (HI) and Final Health Class (FHC)
Ranking

The pumps are ranked in ascending order of HI, with
Rank 1 representing the lowest Health Index and
consequently the highest maintenance priority. The
FHC determination is performed through a HITL
gating mechanism based on three signals: the
Confidence Level from the bootstrap, the
Classification Stability Rate (CSR) from Monte Carlo,
and boundary proximity. The HI and FHC rankings are
shown in Table 8:

Table 8. Ranking Health Index and Final Health
Class 16 Pompa FT Tegal

that their classification remained sufficiently stable for
automated assessment. Two pumps, P.TGL-210A and
P.TGL-210B, required HITL review because
uncertainty and classification-ambiguity signals were
activated. Both pumps recorded CSR = 0% relative to
their nominal class across the 10,000 Monte Carlo
iterations, with boundary proximity values of 4.8 and
6.9 points, respectively, from the WATCH-
DEGRADED boundary.

P.TGL-210A was the only pump whose class
changed through the HITL_DOWNGRADED path,
from nominal WATCH to final DEGRADED. Its 95%
bootstrap confidence interval of 53.17-66.51 crossed
the WATCH-DEGRADED boundary at 55.0 points.
Therefore, the lower health class was assigned
conservatively according to the predefined FHC
decision rule. In contrast, P.TGL-210B had a 95%
bootstrap confidence interval of 55.47-68.47, which
remained entirely within the WATCH class.
Consequently, its nominal WATCH classification was
retained through the
HITL_CONFIRMED_SINGLE_CLASS path. These
results demonstrate that the HITL mechanism
selectively identifies cases in which uncertainty or
proximity to a classification boundary may
compromise the reliability of automated health
classification.

The maintenance implications of the results are
particularly evident for P.TGL-210A and P.TGL-

HI Decisi

HI Final Con

210B. Although the quantitative NHS values of these

Rank Pump Mean Norlni Class F‘onh £ HITL Trend pumps remained hlgh at 95.50 and 97.60, respeCtiVEIy,
p— M;‘ZT — e ———both pumps obtained an OUM Score of 57.98 because
1 2i0n 9% ey apep DO DU YES ¢ the field operator assigned a HIGH severity
WL e t. This di indicates that th
, PTOL g WAT watc HTLME o pey assessment. is discrepancy indicates that the
2108 ' CH H NE M ¢ maintenance response should not be based solely on
3 PTGL-  gozs  WAT  WATC  AUT  HIG stasLe the numerical sensor-derived condition. For P.TGL-
220B ! CH H o H . . .. .
. PTGL- 0o WAT warc Aot we ..o 210A, the recommended first response is priority field
) o2 e o wee A e  caae Ecinspection to verify the HIGH-severity operator
2L ' T A assessment, repeat the relevant operational
6 0n B2 taypy o H o™ STABLE measurements, and review recent operating conditions
T Tae s Ty T 9T W m smsie and loading history. If the degraded condition is
8 PTOL:  ggag HEAL HEALT AUT HIG stase  confirmed, corrective maintenance should
0 PTGL- o, HEAL HEALT AUT WG ..o Subsequently be initiated based on the identified cause.
20 AT S For P.TGL-210B, the recommended response is
10 . 95,43 no STABLE . . .
120E ’ THY  HY 0 H targeted operator/engineer verification and repeated
1 P.TGL- 95.46 HEAL  HEALT AUT HIG no STABLE R R e
320C : THY  HY 0 H inspection because the pump remains within the
2 PISE gsea  EAL HEALT AU M o stasie WATCH class but has sufficient uncertainty to
13 PIOL: goas TEAL HEALT AUTHIG STABLE activate_ HITL. Thus, the framewo_rk convgr_ts
u PTGL-  gogy  HEAL HEALT  AUT  HIG stase Uncertainty and operator knowledge into specific
el e HemT AT He verification actions rather than directly prescribing
15 ; 96,03 no STABLE - - - -
1B ' A S component replacement without field confirmation.
16 oA Bty hy 0 H ™ STABLE  For  pumps classified as HEALTHY and
AUTO_CONFIRMED, routine operation, daily
Based on Table 8, the Final Health Class distribution condition recording, and scheduled preventive

shows that 11 pumps (68.75%) were classified as
HEALTHY, 4 pumps (25.00%) as WATCH, and 1
pump (6.25%) as DEGRADED. No pump reached the
CRITICAL class during the 30-day observation
period. Fourteen pumps (87.50%) were assigned
through the AUTO_CONFIRMED path, indicating
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inspection remain appropriate. Pumps classified as
WATCH without HITL activation should receive
increased monitoring frequency and targeted
inspection of the parameters contributing to the
reduced Health Index. WATCH pumps that activate
HITL require operator or engineer verification and
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repeated measurement before corrective maintenance
decisions are made. Pumps classified as DEGRADED
require priority field inspection and confirmation of
the underlying degradation before corrective
maintenance, operating-condition adjustment, or
component replacement is undertaken. Although no
CRITICAL pump was observed during the study
period, a CRITICAL classification would require
immediate engineering assessment and, where
equipment integrity or operational safety is at risk,
restriction or suspension of operation followed by
corrective maintenance before return to service.
Accordingly, the HITL mechanism functions as both a
classification safeguard and a maintenance-escalation
trigger.

Figure 4. HITL Summary : Final Health Class Per
Pompa

C. Monte Carlo and Bootstrap Validation Results
Tabel 9. Monte Carlo and Bootstrap Validation

Results
Validatio Result Criterio Interpretatio
n Metric n n
Monte 10.000 - Simulation
Carlo basis
iterations
Ccv - <5% Stable/Unstab
le
Spearman - >0.90 Consistent/N
p ot consistent
CSR 0% >80% Unstable;
P.TGL- HITL
210A activated
CSR 0% >80% Unstable;
P.TGL- HITL
210B activated
Bootstrap  53.17— - Crosses
Cl 66.51 WATCH-
P.TGL- DEGRADED
210A boundary
Bootstrap  55.47— -
Cl 68.47 .
PTGL- Within
210B WATCH

Table 9 summarizes the statistical validation results
used to evaluate the robustness of the proposed Health
Index classification. The Monte Carlo analysis was
performed using 10,000 iterations to examine the
effect of plausible variations in the model parameters
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and fusion coefficient on the resulting Health Index
and health-class assignment. The use of 10,000
iterations provides the basis for estimating
classification stability and identifying cases in which
small parameter variations may produce different
health classes.

The coefficient of variation (CV) is used to evaluate
the numerical stability of the simulated Health Index.
A CV below 5% indicates that the variation of the
simulated Health Index is relatively small compared
with its mean, suggesting that the numerical output is
stable. Conversely, a CV equal to or above 5%
indicates greater variability and should be interpreted
as evidence that the Health Index is more sensitive to
the simulated parameter variations. Therefore, the CV
result should be considered together with CSR and
boundary proximity rather than as an isolated indicator
of model reliability.

The Spearman rank correlation coefficient (p)
evaluates whether the relative ranking of pumps
remains consistent between the nominal model and the
Monte Carlo results. A value of p > 0.90 indicates
strong rank-order consistency, meaning that the
relative maintenance priority of the pumps is not
substantially altered by the simulated parameter
variations. A lower value would indicate that the
ranking is sensitive to parameter perturbations and that
maintenance prioritization should be interpreted with
greater caution. The reported CV and Spearman
results should therefore be used to assess the overall
numerical and ranking robustness of the model.

The most critical finding concerns the Classification
Stability Rate (CSR) of P.TGL-210A and P.TGL-
210B. Both pumps obtained a CSR of 0%,
substantially below the predefined threshold of 80%.
This means that, under the 10,000 Monte Carlo
simulations, neither pump retained its nominal health
class in the simulated classification results. The result
indicates a high degree of classification instability and
directly supports activation of the HITL mechanism.
In practical terms, the automated classification for
these two pumps should not be considered sufficiently
reliable without additional operator or engineer
verification.

The bootstrap confidence intervals provide
additional evidence regarding the source of this
classification ambiguity. P.TGL-210A has a 95%
bootstrap confidence interval of 53.17-66.51. Because
the interval crosses the WATCH-DEGRADED
boundary at 55 points, the possible Health Index
values span two health classes. This indicates that the
classification of P.TGL-210A is statistically uncertain
and provides the basis for the
HITL_DOWNGRADED decision. In accordance with
the predefined conservative FHC rule, the lower health
class, DEGRADED, is assigned when the confidence
interval crosses the class boundary.

In contrast, P.TGL-210B has a 95% bootstrap
confidence interval of 55.47-68.47. Although this
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pump also activates HITL because of its classification
instability and boundary proximity, the entire
confidence interval remains above the 55-point
boundary and therefore remains within the WATCH
class. Consequently, the nominal WATCH
classification is retained through the
HITL_CONFIRMED_SINGLE_CLASS  pathway.
The distinction between P.TGL-210A and P.TGL-
210B demonstrates the importance of combining
Monte Carlo classification stability with bootstrap
confidence intervals: two pumps may both require
human verification, but the final maintenance decision
can differ depending on whether the uncertainty
interval crosses a health-class boundary.

Overall, the validation results demonstrate that the
proposed framework does not rely solely on the
nominal Health Index value. Monte Carlo simulation
evaluates the stability of the classification under
parameter perturbations, while bootstrap resampling
evaluates uncertainty in the observed Health Index.
Boundary proximity and confidence-interval crossing
then provide an explicit link between statistical
uncertainty and the HITL decision. This combination
enables the framework to distinguish between a pump
that requires verification but can retain its nominal
class, such as P.TGL-210B, and a pump whose
uncertainty warrants conservative downgrading and
higher maintenance priority, such as P.TGL-210A.

Table 10. Maintenance Response Recommendations
Based on FHC and HITL Status

HITL Recommende
Condit d
ion Operator/En
gineer
Response

Continue
routine
operation and
scheduled
preventive
inspection;
maintain daily
operational
recording.

Increase
monitoring
frequency and
perform
targeted
inspection of
the parameters
contributing to
the  reduced
HI.

Conduct
operator/engin
eer
verification,
repeat relevant

Mainten
ance
Priority

Health/F
HC
Status

HEALT Routine

HY

HITL =
No

WATCH HITL = Moderate

No

Moderate
—High

WATCH HITL=
Yes; Cl
remain
S

within

215

WATC measurements
H , and review
recent

operating
trends before
making
corrective-
maintenance
decisions.

Conduct
priority field
re-inspection,
verify the
source of
degradation or
operator-
reported
severity,
evaluate
operating/load
conditions,
and initiate
corrective
maintenance if
degradation is
confirmed.

DEGRA
DED

Cl
Ccrosses

High

For the observed dataset, P.TGL-210A receives the
highest maintenance priority because its nominal
WATCH classification was downgraded to
DEGRADED after the bootstrap confidence interval
crossed the WATCH-DEGRADED boundary. The
appropriate initial response is priority field re-
inspection and verification of the HIGH-severity
operator  assessment, followed by repeated
measurement and investigation of the operating
conditions. Corrective maintenance or component
replacement should only be initiated when the
degraded condition and its underlying cause are
confirmed. P.TGL-210B remains in the WATCH class
because its bootstrap confidence interval remains
entirely within the WATCH range. Nevertheless, its
HITL  activation indicates that additional
operator/engineer verification and targeted re-
inspection are required before maintenance decisions
are finalized. The remaining HEALTHY and
AUTO_CONFIRMED pumps can remain under
routine monitoring and scheduled preventive
maintenance.

V. CONCLUSION

This study developed and evaluated a
condition-based  maintenance  framework  that
integrates standard-based Numeric Health Score
(NHS), operator-based Ordinal Utility Model (OUM),
Monte Carlo robustness analysis, bootstrap
uncertainty estimation, and Human-in-the-Loop
(HITL) gating for centrifugal pump condition
assessment in an industrial fuel-terminal environment.
The results demonstrate that combining quantitative
operational measurements with structured operator
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assessments provides a more comprehensive basis for
health classification than relying on measurement-
based scoring alone. In particular, the OUM
component allows contextual field information that
may not be reflected in the measured operational
parameters to contribute to the final Health Index.

The proposed framework also provides a decision
mechanism that links statistical uncertainty to
maintenance action. Instead of treating the Health
Index classification as an absolute automated decision,
the HITL mechanism identifies cases in which
classification stability, confidence, or proximity to a
health-class boundary indicates insufficient certainty.
The cases of P.TGL-210A and P.TGL-210B illustrate
this distinction. Both pumps required human
verification, but only P.TGL-210A was conservatively
downgraded because its bootstrap confidence interval
crossed the WATCH-DEGRADED boundary. This
demonstrates that the framework can differentiate
between classification uncertainty that requires
verification and uncertainty that warrants escalation of
maintenance priority.

From an operational perspective, the framework

provides a direct connection between health
assessment and maintenance response. Stable
HEALTHY pumps can remain under routine

monitoring and preventive maintenance, whereas
WATCH pumps can be subjected to increased
monitoring and targeted re-inspection. Pumps that
trigger HITL require operator or engineer verification,
while a DEGRADED classification resulting from
boundary-crossing uncertainty can be used to
prioritize field inspection and corrective maintenance.
Therefore, the proposed approach supports condition-
based maintenance by reducing unnecessary
interventions for stable equipment while directing
maintenance resources toward pumps with greater
evidence of deterioration or classification ambiguity.
Nevertheless, several limitations should be
considered. First, the analysis was based on 30 days of
operational records from a single fuel-terminal
environment and therefore may not fully represent
long-term equipment degradation patterns or operating
conditions at other facilities. Second, several OUM
inputs were derived from manual operator records and
qualitative assessments. Consequently, the reliability
of the OUM and the resulting Health Index is
dependent on the consistency, completeness, and
objectivity of operator observations. Differences in
operator experience or recording practices may
introduce subjectivity that cannot be completely
eliminated through the current scoring mechanism.
Third, the selected AHP pairwise comparisons, the
fusion coefficient of o = 0.65, and the HITL thresholds
represent the baseline configuration of this study and
require further validation across different equipment
populations and operating environments. Finally, the
absence of a longer historical record limits the ability
of the framework to establish long-term predictive
relationships between Health Index deterioration and
actual equipment failure or maintenance events.
Future research should therefore extend the
observation period and include multiple fuel terminals
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or industrial facilities to evaluate the transferability
and generalizability of the framework. Longitudinal
data should be used to investigate Health Index
trajectories and their relationship with actual failure,
repair, component replacement, and maintenance
records. The consistency of operator-based OUM
assessments should also be evaluated through inter-
operator agreement analysis and standardized digital
inspection forms to reduce subjectivity in manual data
collection. In addition, future work should investigate
the integration of additional real-time or semi-
automated sensors where available, while retaining the
proposed manual-data framework for environments
with limited sensing infrastructure. Further validation
of the AHP weights, fusion coefficient, and HITL
thresholds using larger datasets and independent
operational sites is also recommended. These
extensions would strengthen the evidence for
deploying the framework as a scalable decision-
support tool for condition-based maintenance in oil
and gas and other process industries.
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