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Abstract— Laboratory testing instruments
arecritical for ensuring accur ate measur ement
results and maintaining product quality.
Failures or performance decline in these
instruments may affect testing reliability. This
study evaluates potential instrument failures
using Fuzzy Failure Mode and Effects Analysis
(Fuzzy FMEA) and assesses measurement
system capability via Measurement System
Analysis (MSA) with Gage Repeatability and
Reproducibility (GRR). Five instruments, the
Thickness Gauge, Roughness Tester, Tensile
Tester, Density Tester, and Chromium
Analyzer, were analyzed. Fuzzy FMEA results
show the Roughness Tester has the highest
Fuzzy Risk Priority Number (FRPN = 8.93),
followed by the Chromium Analyzer (8.20),
Tensile Tester (6.40), Thickness Gauge (5.47),
and Density Tester (3.33). Historical data
validate that higher FRPN values correspond
to more frequent operational failures. GRR
analysis indicates all instruments maintain
acceptable measurement system performance
(%GRR < 30%). Based on these findings,
calibration intervals are recommended
according to risk level and system stability,
promoting efficient calibration management
and reliabletesting results.

Keywords. Calibration Interval Evaluation,
Fuzzy FMEA, GRR, M easur ement
Instruments, M easurement System Analysis

I. INTRODUCTION
Measurement systems play a critical role in
laboratories to ensure accurate measurement
results and maintain consistent product quality,
particularly in industries such as metd
manufacturing, where adherence to technical
specifications is essential. [1]-[3]. Accuracy,
precision, and stability are key attributes of
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measurement systems, affecting the reliability of
testing results and operational decisions. [4], [5].
Instrument failures or declines in performance
may lead to false rejects or fase accepts, which
can compromise product quality, customer
satisfaction, and operational costs.[6], [7].

In practice, most laboratories implement time-
based calibration schedules, usudly every 12
months, based on manufacturer recommendations
or operationa convenience. However, such
schedules do not consider the actual condition of
each instrument. [8], which can lead to over-
calibration, wasting resources, or under-
calibration, risking inaccurate results [9].
Conventional Failure Mode and Effects Analysis
(FMEA) is commonly used to identify potentia
failures based on severity, occurrence, and
detection, but it often suffersfrom subjectivity and
ambiguity in Risk Priority Number (RPN)
calculations. [10]-[12]

To address these limitations, Fuzzy FMEA
integrates fuzzy logic, converting linguistic
assessments (“low,” “medium,” “high”) into
Triangular Fuzzy Numbers (TFN), resulting in a
Fuzzy Risk Priority Number (FRPN) that better
captures uncertainty and expert judgment
variability.  [13], [14]. Complementarily,
Measurement System Analysis (MSA) using
Gauge Repeatability and Reproducibility (GRR)
guantifies variations caused by instruments
(repeatability) and operators (reproducibility),
providing a reliable evauation of the
measurement system’s performance. [13], [15],
[16].

Fuzzy FMEA effectively prioritizes
measurement risks by incorporating uncertainty
and expert judgment, and MSA/GRR evaluates
the capability and consistency of the measurement
system. These approaches are rarely integrated
into a unified framework for determining optimal
calibration intervals. [11]. Calibration intervals
are often established based on fixed schedules or
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manufacturers recommendations rather than the
actual performance and risk profile of
measurement instruments. [17], [18].
Consequently, instruments  with  stable
performance may be calibrated more frequently
than necessary, leading to unnecessary costs and
downtime, whereas instruments with deteriorating
performance may remain in service beyond
appropriate intervals, increasing the risk of
inaccurate measurements. [19].

By integrating Fuzzy FMEA and GRR, this
study evaluates both the potential failures of
instruments and the actual performance of
measurement systems. The combined anaysis
serves as the basis for condition-based calibration
intervals, adjusting calibration frequency
according to each instrument’s risk level and
stability. This approach alows laboratories to
improve measurement  reliability, optimize
calibration resources, and reduce operational risks
caused by inaccurate testing results [20], [21],
[22].

Il. RESEARCH METHODOLOGY

Research Approach

This study employed an applied quantitative
research design to devel op arisk-based calibration
interval model for measurement instruments used
in the metal manufacturing industry. The research
ams to improve conventiona time-based
calibration practices by integrating instrument risk
assessment with measurement system capability
evaluation. The proposed framework combines
Fuzzy Failure Mode and Effects Anaysis (Fuzzy
FMEA) and Measurement System Anayss
(MSA) using Gauge Repeatability and
Reproducibility (GRR). This integrated approach
aligns with the principles of risk-based thinking
promoted by 1SO 9001:2015 and ISO/IEC
17025:2017, which emphasize identifying,
evaluating, and controlling risks throughout the
measurement process. Consequently, calibration
intervals are determined according to both the
operational risk and the actua performance of
each measuring instrument rather than relying
solely on fixed calibration schedules.

Resear ch Object and Scope

The research was conducted in the quality
control laboratory of a metal manufacturing
company. Five criticd measuring instruments
routinely used in product quality inspection were
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selected as research objects:

1. Thickness Gauge

2. Surface Roughness Tester

3. Tensile and Elongation Tester

4. Density Tester

5. Chromium Content Analyzer

The study focuses on evaluating the reliability of
these instruments through two complementary
perspectives. First, the operational risksassociated
with each instrument are analyzed using Fuzzy
FMEA toidentify potential failure modesthat may
affect measurement reliability. Second, the
capability of each measurement system is
evaluated through MSA using Gauge
Repeatability and Reproducibility (GRR). The
integration of these analyses providesthe basisfor
determining optimal calibration intervals.

Data Collection

This study utilized both primary and secondary
data.

Primary data were collected through structured
guestionnaires administered to laboratory
operators, maintenance engineers, quality
assurance personnel, and laboratory supervisors.
The questionnaire was designed to evaluate the
three FMEA risk factors—Occurrence (O),
Severity (S), and Detection (D)—using linguistic
variables instead of numerical ratings. Secondary
data consisted of:
historical calibration certificates,
mai ntenance records,
equipment failure reports,
measurement deviation records,
laboratory nonconformity reports,

. Production quality records.

These secondary data were used to validate the
identified failure modes and verify the consistency
between expert assessments and actua instrument
performance.

oA wWNR

SOP Analysis and
I dentification

Before conducting the risk assessment, al
Standard Operating Procedures (SOPs) related to
instrument operation, calibration, maintenance,
and verification were reviewed. The objective of
thisanalysiswasto identify discrepancies between
documented procedures and actual laboratory
practices. The identified operationa gaps
included:

1. inconsistent operating procedures,

Operational  Gap
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2. inadeguate preventive maintenance,

3. operator-related errors,

4. environmental influences,

5. delayed calibration activities.
The results of the SOP anaysis became the
primary reference for identifying potential failure
modes during the Fuzzy FMEA process.

Instrument Risk I dentification and Assessment
Using Fuzzy FMEA
a. FailureMode I dentification

Potential failure modes for each measuring
instrument were identified through:

SOP review,

direct field observations,

interviews with experts,

historical maintenance records,

calibration history,

Laboratory nonconformity reports.
Each failure mode was evaluated based on three
classica FMEA criteriaz Occurrence (O):
likelihood of failure occurrence; Severity (S):
impact of failure on measurement accuracy and
product quality; Detection (D): ability of existing
controls to detect the failure before affecting
measurement results.

ocouklkowbdpr

Linguistic Assessment

Instead of assigning crisp numerical scores,
experts expressed their judgments using
linguistic variables. Each linguistic term was
represented by a Triangular Fuzzy Number

(TEN).
LinguisticScale  TFN (I, m, u)
Very Low (0,1,2)
Low (1,2,3)
Medium (2,34
High (34,5
Very High (4,5,6)
Critical (5,6,7)

Aggregation of Expert Judgments

In Fuzzy FMEA, the three risk factors—
Occurrence (O), Severity (S), and Detection (D)—
are converted into Triangular Fuzzy Numbers
(TFN) to handle the uncertainty in expert
assessments:

X = (i, mu)

The Fuzzy Risk Priority Number (FRPN) is
calculated by combining the TFNs of the three
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factors:
FRFN =0 x & « D

This provides a representative risk value that

accounts for the fuzziness in linguistic
assessments such as “Low,” “Medium,” and
“High”
Table 1. Linguistic Scale
Linguistic Scale TFEN (I, m, u)
Very Low / Rare 0,1,2
Low / Unlikely 1,2,3
Medium (2,3,9
High / Frequent (3,4,5)
Very High/ Very Freguent (4,5, 6)
Critical / Extremely High (5,6,7)

Development
Visualization
After the completion of the Fuzzy FMEA process,
the next step was the preparation of a Risk
Register to map potential failures for each
instrument based on the anaysis results. The Risk
Register functions as a tool to classify and
prioritizerisksfaced by each instrument according
to the combination of Occurrence, Severity, and
Detection vaues. These risk vaues were
visualized intheform of aheatmap to facilitate the
identification of areas with the highest risk levels.
This heatmap assists in determining which
instruments require further attention in terms of
calibration and maintenance. The  risk
visualization a so serves as the basis for decision-
making in determining more adaptive and
condition-based calibration intervals.

of Risk Register and Risk

Evaluation of M easur ement
Performance (M SA/GRR)

The evauation of measurement system
performance was conducted using Measurement
System Analysis (MSA) with a focus on Gauge
Repeatability and Reproducibility (GRR). GRR
was used to measure two main types of variation
in the measurement system: repeatability
(variation caused by the measuring instrument)
and reproducibility (variation caused by the
operator). Data obtaned from the GRR
experiment was used to assess whether the
measurement system utilized in the laboratory
could provide consistent and reliable results. The
GRR evauation criteria applied were the
standards commonly accepted in industry: if the

System
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%GRR vaue is %, the measurement system is
considered excellent; if 10% < %GRR < 30%, the
system is still acceptable with consideration; and
if %GRR > 30%, the measurement system is
considered inadequate.

The GRR method quantifies measurement system
variation, separating repeatability (equipment)
and reproducibility (operator) components. The
total %GRR is calculated as:

fad

2
15,1' Jr:;:.n;'ut + {:rr-_-pr-_u.l y
iRR = £l w 1005
l'olerance
Interpretation:
- %GRR < 10% - Excellent measurement
system

10% < %GRR < 30% — Acceptable
%GRR > 30% - Inadequate

Integration of Fuzzy FMEA and GRR
The fina stage integrated the results of Fuzzy

FMEA and MSA/GRR to establish a risk-based

calibration interva model. Each measuring

instrument was classified according to two
dimensions:

1. Operationa risk represented by the FRPN

value.

2. Measurement capability represented by the

%GRR value.

The integration matrix provides the basis for

calibration decision-making:

1. High FRPN + High %GRR: Calibration
interval should be shortened, and corrective
maintenance should be prioritized.

2. High FRPN + Low %GRR: Maintain
calibration frequency while strengthening
preventive maintenance and operationa
controls.

3. Low FRPN + High %GRR: Improve
measurement capability before extending
calibration intervals.

4. Low FRPN + Low %GRR: Calibration
intervals may be safely extended, subject to
compliance with organizational and regulatory
requirements.

This integrated framework enables calibration
decisions to be based on both operational risk and
measurement performance, thereby improving
laboratory reliability, reducing unnecessary
calibration costs, and supporting continuous
quality improvement.
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1. RESULTSAND DISCUSSION

Historical Data Description

In this section, the analysis of historical datafrom
testing instruments is essential for validating the
results of risk eval uation conducted through Fuzzy
FMEA and MSA/GRR. The historical data used
include records of out-of-tolerance (OOT)
incidents, drift deviations, downtime, and operator
complaints that occurred during the testing period
(January 2024 - February 2026). The anayzed
instruments include the Thickness Gauge,
Roughness Tester, Tensile Tester, Density Tester,
and Chromium Analyzer.

Based on the collected historical data, instruments
with high usage frequency, such as the Roughness
Tester and Tensile Tester, experienced
nonconformities or deviations more frequently
than the other instruments. In contrast, instruments
such as the Density Tester and Thickness Gauge
demonstrated more stabl e performance with fewer
nonconformity incidents.

Table 2. Historical Instrument Data (January
2024 - February 2026)

Instru OO  Drift Down Operat Usage
ment T (Exce time or Frequ

(Ti eded (Hour Compl ency

mes) Limits s) aints

)

Thick 2 5 7 6 680
ness
Gauge
Rough 4 11 16 14 930
ness
Tester
Tensl 3 7 12 8 590
e
Tester
Densit 1 3 3 2 340
y
Tester
Chro 3 8 13 7 460
mium
Anay
zer

These data reveal that the Roughness Tester and
Chromium Analyzer have higher numbers of OOT
incidents, drift, and downtime, indicating that both
instruments are more prone to nonconformities
during the testing period. The Density Tester
exhibited the most stable data, with minimal OOT
incidents and downtime.
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Fuzzy FMEA Results
Distribution of Occurrence-Severity—
Detection Questionnaire Responses
This section presents the response patterns of
respondents for the three main risk parametersin
FMEA, namely Occurrence (O), Severity (S), and
Detection (D). The analysis of this linguistic
distribution aimsto provide an initial overview of
users’ risk perceptions toward each laboratory
instrument.
The distribution of linguistic values is important
because it represents the initia stage in the
fuzzification process, in which each linguistic
category (e.g., Medium, High, Difficult) is
converted into a Triangular Fuzzy Number (TFN)
based on a predetermined fuzzy scale (see
Appendix or Methodology Chapter).
Thisapproach is cons stent with recommendations
in the Fuzzy FMEA literature (Tsa et d., 2017,
Zadeh, 1975) as well as common practices in
operator perception-based risk analysis according
to ISO 31000:2018 and the metrological
evaluation principles of 1ISO/IEC 17025:2017.
The questionnaire data consisted of 15
respondents for each instrument. The three risk
parameters collected were:

1. Occurrence (frequency of potential failure

occurrence)
2. Severity (severity level of failure impact)
3. Detection (ease of detecting potential
failures)

Thickness Gauge

The following table presents the distribution of
respondents’ assessments for the Occurrence,
Severity, and Detection parameters of the
Thickness Gauge instrument.

p-1SSN 2622-2027
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The response distribution indicates that the
majority of respondents assessed Occurrence as
Medium, suggesting that the Thickness Gauge has
a tendency to experience minor deviations
periodically, but not at an alarming frequency.
This is consistent with the characteristics of
thickness measurement instruments, which
experience wear and thermal drift over time.

The Severity assessment was also concentrated in
the medium category. Thickness measurement
deviations tend to have a moderate impact on
product quality, especialy for materials with tight
tolerances. However, most errors can still be
corrected through re-verification, so the “High”
category was selected by only one respondent.
For the Detection parameter, there were two major
groups. Medium (10 respondents) and Difficult (5
respondents). This indicates that some deviations,
particularly micro drift, are not immediately
visible to operators during daily measurements.
Theinability to detect small drift is consistent with
findings in metrology literature, which state that
micro deviations in thickness sensors are often
only detected during calibration or standard
verification.

The Thickness Gauge demonstrates a moderate
risk level, with the dominant factors being difficult
in detecting drift and moderate deviation

frequency.

Roughness Tester

The following table presents the distribution of
respondents’ assessments for the Occurrence,
Severity, and Detection parameters of the
Roughness Tester instrument.

Tabd 4. Roughness Tester

Linguistic Occurrence Severity Detection
Table 3. Thickness Gauge Scale
Linguistic Occurrence  Severity Detection Medium 2 0 0
Scale Frequent 11 0 0
Very Rare 0 0 0 Very 2 0 0
Rare 1 0 0 Frequent
Medium 11 13 10 High ) 1 ]
Frequent 3 0 0 Critical ) 4 )
Very Frequent 0O 0 0 Diffi
Low ) 1 ) ifficult - - 11
High - 1 - Very - - 4
Critical - 0 - Difficult
Easy - - 0 The Roughness Tester exhibited the highest risk
Difficult - - - 5 pattern among all reviewed instruments. For the
Very Difficult - 0 Occurrence  parameter,  responses  were
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categories, indicating that performance deviations
occur relatively often. Thisis consistent with the
mechanical characteristics of stylus systems,
which are sengitive to wear, contamination, and
vibration, as reported in tribology and surface
metrology literature. [23][24], [25].

The Severity parameter was dominated by the
High and Critical categories. Errors in surface
roughness measurements may result in false
acceptance or false rejection of products, thereby
significantly impacting production quality.

For the Detection parameter, most respondents
assessed it as Difficult or Very Difficult, which is
consistent with the characteristics of stylus-based
sensor instruments, where damage or drift is often
hidden and only detected when deviations become
significant. 1SO 4287 literature also emphasizes
that sensor noise and stylus damage are common
causes of deviationsthat are difficult to diagnose.
The Roughness Tester is considered a very high-
risk instrument and, therefore, should become a
priority in risk control and Fuzzy FMEA
evaluation.

Tensile Tester

The following table presents the distribution of
respondents’ assessments for the Occurrence,
Severity, and Detection parameters of the Tensile
Tester instrument.

Tabel 5. Tensile Tester
Linguistic Occurrence Severity Detection
Scale

Rare 1 0 0
Medium 14 2 8
High 12 -
Criticd - 1 -
Difficult - - 7

The Tensile Tester demonstrated a medium-to-
high risk pattern. The Occurrence parameter
tended to fal within the medium category,
reflecting failures related to jig alignment, load
cell drift, or sample preparation errors commonly
encountered in materia testing.

For the Severity parameter, most respondents
selected the High category, with one respondent
assigning a Critical rating. This indicates that
errors in  tensile strength and eongation
measurements have serious consequences for
evaluating materid integrity, as emphasized in
ASTM E8/E8M standards.
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The Detection distribution was divided between
Medium and Difficult. Errorsinthe Tensile Tester
may be detected through observation of stress-
strain curves, however, load cell drift or internal
damage is not aways directly visible, making
detection relatively challenging according to some
respondents.

The Tensile Tester is categorized as a medium-to-
high risk instrument, influenced by the significant
impact of errors and the moderate difficulty of
detection.

Density Tester

The following table presents the distribution of
respondents’ assessments for the Occurrence,
Severity, and Detection parameters of the Density
Tester instru ment.

Tabel 6. Density Tester
Linguistic Occurrence Severity Detection
Scale

Rare 11 - -
Medium 4 11 4
Low - 4 -
Easy - - 11

The Density Tester exhibited a low-risk pattern.
Most respondents rated Occurrence as Rare,
consistent  with  the instrument’s stable
construction and relatively simple measurement
process.

The Severity parameter was distributed between
Low and Medium, indicating that density
measurement errors do not have maor
consequences in quality control processes,
particularly since density values can dtill be
verified through repeated measurements.

The Detection parameter showed very positive
results, with most respondents selecting Easy.
This indicates that performance errors in the
Density Tester are usualy clearly visible, such as
reading fluctuations or unstable values.

In conclusion, the Density Tester is a low-risk
instrument and therefore occupies alower priority
leve in the risk mitigation plan.

Chromium Analyzer

The following table presents the distribution of
respondents’ assessments for the Occurrence,
Severity, and Detection parameters of the
Chromium Analyzer instrument.

TiBuana, Vol. 09, No.2, 2026| 159
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Tabel 7. Chromium Analyzer
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Table 8. GRR Evaluation Results for Instruments

Linguistic Occurrence Severity Detection
Scale

Rare 1 0 0
Medium 14 0 0
High - 14 -
Criticd - 1 -
Difficult - - 14
Very - - 1
Difficult

The Chromium Anayzer demonstrated high-risk
characteristics. The Occurrence parameter fell
within the medium category, while Severity
showed an extreme patternin the High and Critical
categories. Thisindicates that errors in chromium
concentration measurements may have significant
implications, especially regarding environmental
regulations and metal finishing product quality
compliance.

The Detection parameter was also categorized as
Difficult and Very Difficult. According to optical
instrument literature (Skoog & Holler, 2013),
spectral noise, reduced light source intensity, and
optical contamination often cause deviations that
are not immediately detected by operators.

In conclusion, the Chromium Analyzer is a high-
risk instrument, mainly due to the substantial
impact of measurement errors and the difficulty in
detecting early failure symptoms.

This questionnaire distribution analysis provides
an initial overview of risk perceptions for each
instrument. The results serve as the basis for the
fuzzification process, inwhich al linguistic values
are converted into Triangular Fuzzy Numbers
(TEN). The fuzzification process and subsequent
fuzzy calculations are presented in the following
subsection (4.2.2).

M easurement System Analysis (M SA)

Gauge Repeatability and Reproducibility (GRR)
was used to evaluate variaions in the
measurement system caused by the instrument
itself  (repeatability) and by  operators
(reproducibility). The GRR evduation results
indicate that instruments with higher %GRR
values tend to exhibit greater variation in
measurement performance between operators and
instruments.

160 | TiBuana, Vol. 09, No.2, 2026

I nstrument %GRR Interpretation
Roughness Tester  9.57% Excellent
Tensile Tester 7.31% Excellent
Chromium Anayzer 19.33% Very Good
Density Tester 8.41% Excellent
ThicknessGauge  19.67% Very Good

From the GRR results, instruments such as the
Roughness Tester showed higher %GRR values,
indicating that variation between operators and
instruments is relatively significant.  This
demonstratesthat calibration and operator training
are highly important to ensure measurement
consistency for these instruments.

The Density Tester and Thickness Gauge showed
better performance with lower %GRR values,
indicating that measurement variations in these
instruments are more controlled.

Evaluation and Determination of Calibration
Intervals

Based on the results of Fuzzy FMEA and GRR,
calibration intervals are recommended to be
adjusted according to the actual condition of each
instrument. Instruments with high risk and high
%GRR vaues, such as the Roughness Tester,
should be calibrated more frequently, while
instruments with low risk and low %GRR values,
such as the Density Tester, may have longer
calibration intervals.

Table9. Recommended Calibration Intervals

Based on Fuzzy FMEA and GRR
Instrument Recommended Calibration
Interval
Roughness Every 3 months
Tester
Tensile Tester Every 6 months
Chromium Every 6 months
Anayzer
Density Tester Every 12 months
Thickness Every 9 months
Gauge

These cdibration interval recommendations
indicate that cadibration based on actud
instrument conditions provides benefits in
optimizing resources and improving the reliability
of measurement results. More efficient calibration
interval determination can reduce the risk of
operational failures without compromising
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Final Fuzzy Risk Priority Number (FRPN)
Ranking

The defuzzified Fuzzy Risk Priority Numbers
(FRPN) for al measurement instruments are
summarized in Table 4.3. This ranking illustrates
the priority of instruments based on their potential
failure risk, guiding calibration and maintenance
strategies. Instruments with higher FRPN vaues
require closer attention and more frequent
calibration.

Table 10. Final Fuzzy Risk Priority Number
(FRPN) Ranking

Instrument  FRPN Risk Ranking
(Crisp) Level
Roughness 8.93 Very 1
Tester High
Chromium 8.20 High 2
Anayzer
Tensile 6.40 Medium- 3
Tester High
Thickness 5.47 Medium 4
Gauge
Density 3.33 Low 5
Tester

This table shows the defuzzified FRPN values for
each measurement instrument, indicating their risk
levels and ranking. Higher FRPN values
correspond to higher potentia failure risk, which
guides priority for calibration and maintenance.
The FRPN values were obtained using the
centroid method from Triangular Fuzzy Numbers
(TENSs) of the Occurrence, Severity, and Detection
ratings.

V. DISCUSSION

Risk Analysis Using Fuzzy FMEA

The results of the Fuzzy FMEA indicate that each
measurement instrument has a different level of
risk, which affects the recommendations for
calibration intervals. Based on the assessment of
Occurrence, Severity, and Detection, high-risk
instruments such as the Roughness Tester and
Chromium Analyzer require special attention in
terms of calibration and routine maintenance.

The Roughness Tester showed the highest Fuzzy
Risk Priority Number (FRPN), indicating that this
instrument has avery high level of risk (Pacana &
Olearczyk, 2017). This instrument frequently
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experiences nonconformities that are difficult to
detect and have significant impacts on product
quality. The difficulty in detecting errors before
testing is completed is one of the reasons why the
Roughness Tester should have a shorter
calibration interval, namely every three months.
This finding is consistent with previous studies
showing that instruments with high FRPN values
require greater attention in terms of maintenance
and more frequent calibration. [26], [27].

In contrast, instruments such asthe Density Tester
and Thickness Gauge demonstrated lower risk
levels, with significantly smaller FRPN values.
The Density Tester exhibited low risk due to the
rare occurrence of failuresand low severity, where
density measurement errors do not significantly
affect final product quality. This finding aso
supports that low-risk instruments may be
calibrated at longer intervals without affecting
product quality. [28].

Evaluation of M easur ement
Performance Using GRR

The results of the Measurement System Analysis
(MSA) using Gauge Repeatability and
Reproducibility (GRR) indicate that the %GRR
value for the Roughness Tester is relatively high,
meaning that measurement variation is more
influenced by the instrument and operator than by
the characteristics of the tested samples. This
indicates that more frequent calibration is
necessary to maintain the accuracy of
measurement results and reduce the influence of
human factors. [29]. This finding is consistent,
which suggests that instruments with high %GRR
values require routine calibration to maintain
consistent measurement quality. [28].

Instruments with low %GRR values, such as the
Density Tester and Thickness Gauge,
demonstrated better measurement stability. With
low %GRR values, the occurring variations
remain acceptable within the specified tolerance
limits, and these instruments do not require overly
frequent calibration. This finding supports studies
stating that instruments with stable performance
may have longer calibration intervals. [30], [31]

System

Implications of the Resear ch Findings

This study provides an important contribution to
the management of laboratory instrument
calibration through a more flexible and efficient
condition-based approach. The Roughness Tester,
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which demonstrated high risk and large
measurement variation, requires greater attention
in terms of calibration and maintenance to ensure
consistent measurement quality. [29]. On the other
hand, the Density Tester and Thickness Gauge,
which demonstrated more stable performance,
may be calibrated at longer intervals, thereby
optimizing laboratory resource utilization and
calibration costs. Thisrisk-based approach ismore
efficient than the time-based approach commonly
implemented in many laboratories. [30], [32].
The simultaneous use of Fuzzy FMEA and GRR
provides significant advantages in identifying
instruments that require more frequent calibration
based on their risk levels and performance
stability. By adopting this approach, laboratories
can improve the reliability of measurement
systems and extend instrument service life without
compromising testing accuracy [32], [33].

Based on the results of this andyss, it is
recommended that the Roughness Tester be
calibrated every three months, while the Density
Tester may have a longer calibration interval of
every 12 months. The Thickness Gauge, which
has alow % GRR and moderate risk level, may be
calibrated every 9 months. This risk-based
approach will not only improve calibration
efficiency but aso reduce costs associated with
excessive calibration for instruments that do not
require it. This is consistent with the findings of
[34], [35], which suggests that condition-based
calibration can reduce operational costs and
improve measurement accuracy.

V. CONCLUSION

This study successfully developed a risk-based
calibration system model for measurement
instruments used in testing laboratories. Based on
the results of the Fuzzy FMEA and GRR analyses,
it can be concluded that high-risk instruments,
such as the Roughness Tester, require shorter
calibration intervals, namely every 3 months. This
is because the Roughness Tester exhibited a high
Fuzzy Risk Priority Number (FRPN), which
reflects a high frequency of failures, significant
impacts on product quality, and difficulties in
detecting instrument errors. In  contrast,
instruments with low %GRR values and low risk
levels, such as the Density Tester and Thickness
Gauge, demonstrated better measurement stability
and may be calibrated at longer intervals, namely
every 12 months and 9 months, respectively, in
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accordance with the findings obtained.

The condition-based calibration approach
proposed in this study enables more efficient
calibration management, reduces excessive
calibration for instruments that do not require it,
and ill maintains measurement accuracy for
high-risk instruments. By using Fuzzy FMEA and
GRR simultaneously, laboratories can improve
efficiency in managing calibration resources,
optimize calibration costs, and ensure product
quality without compromising the reliability of
measuring instruments.

Overdl, this study provides an important
contribution to improving the efficiency of
calibration systems in testing laboratories, while
also introducing a more data-driven model that
aligns with the guidelines of SO 9001:2015 and
ISO/IEC 17025:2017 regarding risk management
in calibration and quality control of measuring
instruments. The recommendation from this study
is to implement a more flexible risk-based
calibration approach, with calibration intervals
adjusted according to the actua performance and
condition of the measurement instruments used.
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