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Abstract


This paper provides an overview of key methods for assessing the quality of measurement systems and measurement results. Fundamental concepts are analyzed and their definitions compared across various metrological standards. Particular emphasis is placed on the issue of terminological inconsistency, as the same terms are interpreted differently in different documents, which may lead to misinterpretation or incorrect application of methods. This paper also presents practical examples of how these methods are applied to real data. Clear indications are provided regarding the conditions under which each method is recommended, depending on factors such as model complexity, data availability, and intended application. In addition, it offers a discussion and recommendations for future directions, highlighting the need for harmonized terminology, standardization of evaluation procedures, and the adoption of advanced technologies such as artificial intelligence and machine learning in the assessment of measurement quality.
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1. Introduction


In industrial and scientific environments, where decisions, control processes, and analyses heavily rely on measurement data, ensuring the quality of measurement results, methods, and systems is a fundamental prerequisite for reliability, safety, and compliance with technical requirements. Increasing product complexity, tighter regulatory criteria, and the advancement of digitally controlled production and diagnostic processes further emphasize the need for accurate, traceable, and reliable measurements [1,2].



To achieve a credible assessment of measurement quality and thereby ensure reliable measurement results, a wide array of methods have been developed, ranging from practical tools used in industry to scientifically grounded approaches for evaluating measurement uncertainty. Over the last few decades, various normative documents, guides, and methodological frameworks have been established for this purpose. Among the most prominent are the industry-oriented Measurement System Analysis (MSA) [3]; the ISO 5725 standard series on Accuracy (trueness and precision) of measurement methods and results (Parts 1–6) [4,5,6,7,8,9]; and the Guide to the Expression of Uncertainty in Measurement (GUM, JCGM 100:2008) [10], which focuses on the quantitative expression of uncertainty based on mathematical modeling of all significant sources.



In addition to traditional uncertainty propagation approaches, Monte Carlo simulations as addressed in JCGM 101:2008 [11] and Bayesian method are increasingly applied, particularly in complex measurement scenarios involving nonlinear relationships or limited data [12,13,14]. Furthermore, ISO 21748:2017 [15] provides guidance on evaluating measurement uncertainty using repeatability, reproducibility, and trueness data derived from interlaboratory studies conducted in accordance with ISO 5725-2 [5].



The evaluation of measurement uncertainty is a challenging task, particularly for complex measurement systems, and represents one of the most prominent research directions in modern metrology [16,17]. It is essential for maintaining metrological traceability and for ensuring conformity with specifications [18]. A measurement result is considered incomplete if it does not include an interval describing the potential dispersion of values that is, its uncertainty. The true value of the measurand is expected to lie within this uncertainty interval with a defined probability. For this reason, the evaluation of measurement uncertainty is a mandatory requirement for accredited calibration and testing laboratories performing calibrations of standards, instruments, and measurement artifacts [19].



GUM is the globally recognized standard for quantifying uncertainty in measurement results. It is based on mathematical modeling of Type A and Type B sources of uncertainty, followed by analytical uncertainty propagation. Although highly robust, GUM requires a deep understanding of statistical models, detailed knowledge of input variables, and often the use of specialized computational tools, including those for Monte Carlo simulations or Bayesian inference. In cases where analytical models are not feasible, Monte Carlo methods (JCGM 101) or Bayesian approaches may be employed to enable uncertainty evaluation in data-limited or nonlinear systems [20,21].



In industrial practice, however, the evaluation of measurement uncertainty is often avoided or simplified for practical, organizational, or methodological reasons [22]. In mass production environments, MSA is frequently used to assess the percentage contribution of the measurement system to total data variability, the number of distinguishable categories, and the repeatability and reproducibility of results. This approach avoids the complexity of full uncertainty modeling and instead focuses on assessing measurement system capability [23]. In many industrial settings, there is a shortage of trained metrology professionals and limited time or resources for full uncertainty evaluations, especially for routine measurements. Additionally, production environments often prioritize process efficiency and compliance with tolerance limits rather than detailed quantification of each uncertainty component. As a result, measurement uncertainty is sometimes viewed as bureaucratic overhead, unless explicitly required by accreditation, certification, or regulatory authorities.



Many engineers mistakenly believe that Gage Repeatability and Reproducibility (GR&R) “evaluates uncertainty”, which is not accurate. GR&R analyzes only the variability introduced by the measurement system and does not provide information on the interval within which the true value of the measurand is expected to lie [23,24].



The ISO 5725 standard series was developed to rigorously quantify the accuracy, trueness, and precision of measurement methods. It is widely used in laboratory and research settings, particularly in accredited testing laboratories under ISO/IEC 17025 [25] and in highly regulated industries such as pharmaceuticals, food, and chemicals [26,27]. ISO 5725 is also a foundation for evaluating repeatability and reproducibility, conducting interlaboratory comparisons. When used in combination with ISO 21748, it provides an experimental foundation for evaluating measurement uncertainty [28]. However, in day-to-day industrial settings, its application is less common due to its complexity, need for comprehensive statistical testing, and the requirement for extensive experimental design. Moreover, the standard uses precise distinctions among terms such as trueness, accuracy, and bias, terms that are often misunderstood or used inconsistently in practice.



Despite their shared objective to quantify and clearly express measurement quality, the reviewed approaches differ in terminology, modeling, and evaluation criteria. A notable challenge is the inconsistent use of fundamental metrological terms (e.g., accuracy, precision, repeatability, reproducibility, trueness, and bias) across standards and industries. This terminological fragmentation impedes communication among metrologists, quality engineers, and technical professionals.



Although various studies focus on specific aspects of GUM, MSA, or ISO 5725, comprehensive comparative reviews remain scarce, particularly those that bridge theoretical concepts with practical implementations.



This review adopts the premise that a comparative and integrated understanding of these methodologies can enhance the selection of appropriate approaches across different metrological and industrial contexts and support their integration in modern, digitally assisted measurement systems.



The objectives of this review paper are to



	(i)

	
compare how key metrological concepts (accuracy, precision, repeatability, reproducibility, trueness, bias, and measurement uncertainty) are defined and applied in major frameworks (MSA, ISO 5725, GUM, ISO 21748, etc.);




	(ii)

	
illustrate their application through real or literature-based data examples;




	(iii)

	
identify key terminological inconsistencies that may lead to misinterpretation;




	(iv)

	
offer guidelines for method selection and harmonization, including the integration of digital and AI-based tools.








2. Comparison of Terminology, Standards, and Methodologies


This section presents an overview of the fundamental terminology and concepts as defined in the International Vocabulary of Metrology (VIM), ISO 5725, GUM, and MSA Reference Manual, with emphasis on their similarities, differences, and relevance within the context of this paper. A comparison of the definitions of key metrological concepts is presented in Table 1. This provides the terminological foundation for comparing the methodologies discussed later in this section.



In order to harmonize and update metrological terminology, international standards and guides are continuously revised to reflect the latest scientific and practical insights. One of the key documents in this domain, the International Vocabulary of Metrology (VIM), is currently under revision. Since January 2021, the fourth edition has been in preparation (VIM4 CD—Committee Draft), introducing important terminological and conceptual clarifications regarding fundamental metrological concepts such as trueness, accuracy, and measurement error. The aim of this revision is to achieve better alignment with various standards (including ISO 5725 and the GUM), enhance clarity in the interpretation of measurement results, and broaden the applicability of definitions across all scientific and engineering fields.



Although the document is currently in draft form and not intended for public cita-tion, its relevance should be emphasized, as it represents an important step toward future harmonization of metrology with the principles of best practice and the consistent understanding of metrological terms worldwide.



Measurement System Analysis (MSA) originates from industrial quality control practices and is designed to evaluate the practical performance of a measurement system [29]. It focuses on identifying and quantifying sources of variability related to the instrument, operator, method, and environment. This is typically achieved through tools such as Gage R&R studies, bias analysis, linearity, and stability assessments [30,31,32]. The primary purpose of MSA is to ensure that the measurement system is capable of reliably distinguishing between conforming and non-conforming parts or outcomes [33,34]. MSA plays a central role in industrial manufacturing and process control particularly in sectors such as automotive, aerospace, and pharmaceuticals where precise and consistent measurement is critical [35,36]. It is widely used during gage validation, process qualification, and quality improvement initiatives, providing a practical framework for evaluating the variability of a measurement system, with particular emphasis on repeatability, reproducibility, bias, and long-term stability. MSA methods, purpose, data type, recommended illustrations, and acceptance criteria are presented in Table 2.



Figure 1 illustrates the structure and key components of the MSA method applied in GR&R studies.



ISO 5725 is based on the experimental assessment of measurement method performance, with accuracy defined as a combination of trueness (closeness to a reference value) and precision (closeness of repeated results under specified conditions). This standard is widely used for method validation, interlaboratory comparisons, and estimating variability under repeatability and reproducibility conditions [37,38,39].



An overview of the ISO 5725 Series’ purpose, application, recommended illustrations, and acceptance criteria is presented in Table 3.



Complementing the summary in Table 3, Figure 2 illustrates the ISO 5725 framework for evaluating the accuracy of measurement methods, including both trueness and precision.



The measurement uncertainty evaluation based on the Guide to the Expression of Uncertainty in Measurement (GUM) follows a systematic and transparent approach to modeling the measurement process [17]. The first step is to define a measurement model, i.e., a mathematical equation that expresses the measurand as a function of input quantities that influence the result.



Each input quantity is then assigned a standard uncertainty, which is evaluated using Type A methods (statistical analysis of repeated measurements) or Type B methods (based on other information such as calibration certificates, manufacturer specifications, or expert judgment) [40]. These uncertainties are propagated through the measurement model using first-order partial derivatives (sensitivity coefficients) to obtain the combined standard uncertainty of the result [41,42].



The result is typically expanded into an expanded uncertainty by multiplying the combined standard uncertainty by a coverage factor (k), usually k ≈ 2, to achieve a 95% confidence level. The GUM method assumes that the input quantities are uncorrelated or weakly correlated, that their distributions are normal or approximately normal, and that the model is linear or can be linearized locally [43]. In cases where the model is highly nonlinear or the distributions are non-Gaussian, the Monte Carlo Method (MCM) is recommended as an extension of the GUM approach [44].



The Monte Carlo Method (MCM) is an advanced numerical approach for evaluating measurement uncertainty, particularly suitable for complex or nonlinear measurement models [45,46,47]. It serves as an extension to the GUM method and is recommended when analytical propagation using partial derivatives becomes impractical or inaccurate [48,49,50]. Rather than linearizing the measurement model, MCM propagates uncertainty by randomly sampling input quantities from their respective probability distributions and recomputing the output thousands (or millions) of times. This process results in an empirical distribution of the measurand, from which the standard uncertainty and coverage interval can be directly derived.



A key advantage of MCM is its flexibility: it allows for the use of non-Gaussian and asymmetric distributions and nonlinear functions without simplifying assumptions. It produces a coverage interval that reflects the actual shape of the output distribution, including asymmetry and skewness, which is particularly useful when linear approximations would introduce significant errors [51,52].



MCM requires defining input distributions (e.g., normal, uniform, and triangular) based on available data or expert knowledge. The output is typically summarized by the shortest coverage interval at a specified confidence level (e.g., 95%) [53,54]. MCM is increasingly used in metrology institutes, research environments, and high-precision industrial applications, particularly where rigorous uncertainty evaluation is critical.



The Bayesian approach incorporates all the features of the Monte Carlo Simulation (MCS) method but also enables the integration of prior knowledge through informative, weakly informative, or non-informative prior distributions [55,56]. This makes it especially suitable for situations with limited data or when subjective information plays a role. The Bayesian framework typically uses Markov Chain Monte Carlo (MCMC) techniques to obtain the posterior distribution of the measurand [57,58,59]. As such, it is particularly well-suited for complex models and scenarios where uncertainty must be fully described through a probabilistic framework.



The Bayesian method for evaluating measurement uncertainty is fundamentally based on Bayes’ theorem [60]. In this context, the measurand or parameter of interest is treated as a random variable that follows a certain prior distribution, reflecting existing knowledge or assumptions about its likely values. Measurement results are then used to update this prior distribution, resulting in a posterior distribution that represents the revised state of knowledge after considering the observed data. Importantly, the measurement results and the parameter do not need to originate from the same statistical distribution, allowing for flexible modeling of real-world measurement processes.



The Bayesian procedure involves several conceptual steps: defining the prior distribution based on available knowledge or uncertainty assumptions; specifying a statistical model that relates the observed data to the parameter of interest; and calculating the posterior distribution, which combines the prior information with the evidence provided by the data [61,62,63]. From this posterior distribution, estimates of the measurand, standard uncertainty, and coverage intervals can be derived. Furthermore, the Bayesian approach allows for the iterative updating of uncertainty estimates as new data become available, making it a powerful tool for adaptive and data-informed measurement uncertainty evaluation, in line with modern metrological practices [64]. A comparison of GUM, Monte Carlo, and Bayesian approaches to uncertainty evaluation is presented in Figure 3.



The models and criteria discussed in this paper for the evaluation of measurement uncertainty are broadly applicable and can be adapted to different laboratory conditions and requirements.



ISO 21748:2017 serves as a bridge between ISO 5725 and GUM, offering guidance on how precision and trueness data obtained through structured experiments can be used for uncertainty estimation when a complete uncertainty model is unavailable. This standard is especially valuable for routine laboratories operating under ISO/IEC 17025 that need a practical and traceable approach to uncertainty.



An overview of the methods for assessing the quality of measurement systems and results is illustrated in Figure 4.




3. Methods in Practice


The choice of method for evaluating measurement quality in practice depends on multiple factors, including the purpose of measurement; complexity of the measurement model; data availability; regulatory requirements; and the required level of accuracy, precision and traceability.



3.1. Example of Gage R&R Study Using   X ¯   and R Method


This example demonstrates the application of the Gage R&R (   X ¯    and R) method to evaluate the repeatability and reproducibility of a measurement system. Ten shafts with nominal dimensions of (10.50 ± 0.1) mm were selected to represent the expected range of process variation. Three operators (Operator A, Operator B, and Operator C) measured each of the ten parts three times in random order. The measurements were performed using an outside micrometer. The results are shown in Supplementary Materials. A summary of the Gage R&R results is presented in Table 4.



To evaluate the adequacy of the measurement system, the results are interpreted using three commonly applied criteria given in Table 5.



According to %Contribution, the measurement system contributes 0.32% to total variation, which is far below the 1% threshold. This means the system is acceptable.



According to %Study Variation, the Gage R&R is 5.68%, which is below 10%. This indicates that the system is acceptable and contributes minimal variation.



According to %Tolerance, the Gage R&R accounts for 12.90% of the tolerance range, which is also well within acceptable limits. Although a %Tolerance value of 12.90% technically falls within the “Marginally acceptable” range (10–30%) according to standard MSA guidelines, values below 20% are generally considered acceptable in most industrial applications. In practice, the interval between 20% and 30% is subject to further economic justification, evaluating whether the cost and complexity of improving the measurement system outweigh the benefits. In this case, the result of 12.90% indicates a stable and usable measurement system without the need for modification.



Overall conclusion



The measurement system is acceptable. It shows excellent precision, contributes very little measurement variation, and is capable of clearly distinguishing part-to-part differences.




3.2. Example of a Gage R&R Study Using Attribute Agreement Analysis


An Attribute agreement analysis was conducted to examine the consistency of decision-making among three appraisers during the visual inspection of seams on car seats in the ramp-up phase of production (the initial stage of increasing production before full-scale serial production). The aim of the analysis was to confirm the alignment of their decisions with internal quality standards and with reference evaluations provided by experts from the quality control department.



A binary decision criterion was applied in the analysis:



Accept: The seam is straight, without loose threads, and properly symmetrical.



Reject: The seam shows curvature, skipped stitches, or other visible defects.



The three appraisers (A, B, and C) examined the same set of seats, with each appraiser evaluating each sample three times in separate sessions.



At the same time, expert decisions were available and used as reference values for comparison and accuracy analysis.



The analysis was conducted on thirty samples, and the results are presented in Supplementary Materials. Within-appraiser agreement is presented in Table 6.



All three appraisers demonstrated very high repeatability, with no significant inconsistencies. Agreement rates ranged from 96.67% to 100.00%, with an average of approximately 98.9%. Appraiser agreement with the reference standard is presented in Table 7.



Each appraiser individually showed very good agreement with the expert reference evaluations. Disagreement in assessments is presented in Table 8.



Appraiser C had the highest rate of incorrect acceptance of defective samples (accept instead of reject). Appraiser B had the only mixed rating (inconsistency within repeated assessments). Between-appraiser agreement is presented in Table 9.



Out of 30 samples, 4 showed disagreements among appraisers. A total of four disagreements were recorded, aligning with between appraiser’s agreement rate of 86.7%. It can be concluded that appraiser repeatability was very high (average ~98.9%). Inter-appraiser reproducibility was good (86.7%). The overall error rate was 3.7%, which is considered low, though not negligible. The main challenge was identifying defective items (especially for appraiser C). Additional training on borderline samples and alignment of rejection criteria is recommended.



Numerous studies in the literature highlight the wide applicability of Measurement System Analysis (MSA) methods across various industries and measurement scenarios. For example, Abduljaleel et al. [65] explored outlier detection within a nested Gage R&R model using random effects, while Al-Qudah [66] provided a comprehensive overview of the AIAG MSA method in the context of quality control. Al-Refaie and Bata [67] examined the integration of Gage R&R with multiple quality measures to evaluate measurement and process capability.



The use of nested Gage R&R designs for analyzing environmental parameters such as wind speed was presented by Aquila et al. [68], demonstrating the method’s flexibility beyond traditional manufacturing. Cepova et al. [69] focused on the implementation of Gage R&R methods in measurement science, while Kooshan [70] described a practical case study involving MSA implementation in the automotive sector.



Advanced approaches such as multivariate Gage R&R have also been investigated. Marques et al. [71] applied factor analysis for multivariate assessments, and Peruchi et al. [72] proposed a novel method for handling correlated characteristics in complex production environments. These examples underline the importance of MSA as a tool for assessing measurement system quality in high-volume industrial production and environmental monitoring.




3.3. Example of the Application of ISO 5725


To illustrate the application of ISO 5725 in assessing the quality of measurement results, we refer to a previously published study that analyzed the repeatability and reproducibility of areal surface topography parameters (Sa, Sq, and Sz) measured by an atomic force microscope (AFM) [73]. In that study, ISO 5725-2:2020 was applied to determine the precision of surface texture parameters across two certified reference standards and a steel sample. Repeatability and reproducibility were evaluated using measurement series conducted under controlled conditions, with changes in measurement points and time intervals used to simulate different laboratory environments. A detailed calculation of repeatability and reproducibility values in accordance with ISO 5725-2:2020 is presented in Table 10. In that table, n denotes the number of repeated measurements within each series; the index i identifies the measurement series (i = 1, 2, …, m), while the index j refers to the individual measurement within a given series (j = 1, 2, …, n).



The results demonstrated that the AFM measurement system provides high repeatability (r < 1 nm) and reproducibility (R < 2 nm) for parameters Sa and Sq, while parameter Sz showed greater sensitivity to measurement location. This example shows how ISO 5725 can be applied beyond inter-laboratory comparisons, by adapting the methodology for intra-laboratory precision studies, which is especially useful in specialized or unique laboratory environments. In accordance with ISO 21748, the calculated values of repeatability and reproducibility are treated as constituent components of the measurement uncertainty associated with the respective reference standards.



Although ISO 5725 and ISO 21748 provide a structured and standardized approach for evaluating measurement accuracy and precision, as well as for estimating uncertainty based on repeatability and reproducibility data, their practical application in the contemporary scientific literature remains limited. Given the very small number of available publications, there is a clear lack of recent research that systematically integrates the methodologies of ISO 5725 and ISO 21748. Among the more recent works, the study by Bontempi et al. [74] can be highlighted, where the authors applied ISO 5725 in the context of software validation for radiostereometric analysis. D’Aucelli et al. [75] developed a MATLAB framework to support MSA evaluations based on ISO 5725. The Singapore Accreditation Council’s (SAC) Technical Guide 2—Guidelines on Measurement Uncertainty for Testing Laboratories (2023) provides practical guidance for evaluating measurement uncertainty in accordance with ISO/IEC 17025. The guide explicitly builds upon the methodologies outlined in ISO 5725 for assessing precision (repeatability and reproducibility) and refers to ISO 21748 for using such precision data to estimate measurement uncertainty in the context of routine testing [76]. A publication that provides a detailed description of the main objectives and methods of ISO 5725 precision, trueness, and the implementation of interlaboratory comparisons is the paper titled “Basics of interlaboratory studies: the trends in the new ISO 5725 standard” by Max Feinberg [77], which dates back to 1995.



This significant time gap between the foundational work and current technological developments highlights the need for broader adoption, practical case studies, and updated guidance documents and examples tailored to modern laboratory and industrial environments.




3.4. Example of Measurement Uncertainty Evaluation Using the GUM Method


The thermometer is calibrated by comparing n = 11 temperature readings from the thermometer with corresponding known reference temperatures in the range from 21 °C to 27 °C [10]. The linear calibration curve is given by


b(t) = y1 + y2(t − t0),



(1)




where



	
b(t) is the predicted value of the thermometer correction at temperature t, expressed in °C;



	
y1 = −0.1712 °C is the intercept of the calibration curve, with an associated standard uncertainty of s(y1) = 0.0029 °C;



	
y2 = 0.00218 °C is the slope of the calibration curve, with an associated standard uncertainty of s(y2) = 0.00067 °C;



	
r(y1, y2) = −0.930 is the estimated correlation coefficient between y1 and y2;



	
s = 0.0035 °C is the estimated standard deviation of the fit residuals;



	
t is the temperature at which the correction is to be predicted, expressed in °C;



	
t0 is the chosen reference temperature, an exactly known fixed value, expressed in °C.






The given exact reference temperature is t0 = 20 °C. Thus, the calibration curve can be written as


b(t) = −0.1712 °C + 0.00218 °C (t − 20 °C)



(2)







The combined standard uncertainty is obtained by taking the partial derivatives of each term and is given by


   u c 2    b  t    =  u 2     y 1    +     t −  t 0     2   u 2     y 2    + 2   t −  t 0    u    y 1    u    y 2    r    y 1  ,  y 2     



(3)







The correction of the thermometer reading and its uncertainty at t = 30 °C, which is outside the temperature range in which the thermometer was actually calibrated, is b(30 °C) = −0.1494 °C. Combined standard uncertainty is Uc[b(30 °C)] = 0.0041 °C. Expanded measurement uncertainty is calculated as


Uc[b(30 °C)] = k uc[b(30 °C)] = 2 × 0.0041 °C = 0.0082 °C



(4)








3.5. Example of Measurement Uncertainty Evaluation Using the Monte Carlo Simulation Method


The same example, using the same input data, was evaluated using the Monte Carlo simulation method in accordance with the GUM Supplement 1 guidelines (JCGM 101) [11]. The mathematical model describing the relationship between the input and output quantities is given in equation (1). A total of M = 100,000 simulations were carried out to model the propagation of uncertainty through the calibration function. The input quantities and their associated probability distributions used in the Monte Carlo simulation are summarized in Table 11.



Based on the mathematical model and the specified input quantities, the Monte Carlo simulation yields the probability distribution of the correction corresponding to the selected temperature. In Figure 5, the arithmetic mean and the boundaries of the 95% coverage interval are indicated. The expanded measurement uncertainty is U = 0.00816 °C.



The Monte Carlo simulation method confirmed the result obtained using the GUM analytical approach, demonstrating consistency between the two methods. Moreover, the MC approach provides a full probability distribution of the result, which is particularly useful when input distributions are non-normal or the model is nonlinear.




3.6. Example of Measurement Uncertainty Evaluation Using the Bayesian Approach


A significant foundation for the approach presented in this section stems from the doctoral research of one of the authors, which investigates the evaluation of measurement uncertainty in AFM-based surface metrology [78]. The application of the Bayesian method is demonstrated through the evaluation of the measurement uncertainty of the step height of an AFM reference standard. The calibration certificate for the standard, with a nominal value of 100 nm, states that the step height is (97.6 ± 1.4) nm, with a coverage probability p = 95%. In the Bayesian approach, the certified value of the step height is incorporated as prior information in the uncertainty evaluation process. In the paper [79], a mathematical model of the step height is given as follows:


h = hx + r · t · l + d · α · Δϑ + δr + δR + δprobe



(5)







The variables used in the model and their physical meanings are summarized as follows: hx represents the measured value (indication); r, the scan rate; t, the scanning time; l, the scan length; d, the nominal step height; α, the temperature expansion coefficient; Δϑ, the temperature difference; δr, the repeatability component; δR, the reproducibility component; and δprobe, the probe-related uncertainty. When applying the Bayesian method, the mathematical model of the measured variable (5) needs to be transformed into an observational model. The observational model is given by expression (6).


hx = h − (r · t · l + d · α · Δϑ + δr + δR + δprobe),



(6)




where D ≡ hx = ϕ(Y, Θ) represents the indication size, Y ≡ h represents the output variable, Θ ≡ (v, t, l, h, α, ΔT, δr, δR, δprobe) represents other input variables.



The indication values represent the results of 20 repeated measurements with an expected value of D and a standard uncertainty S. Prior distributions of input variables are created based on the information from [80]. In the implementation of the Bayesian method for the output variable, a less informative prior distribution was used (the value of step height from the calibration certificate). The output variable obtained using the Bayesian method is illustrated by Figure 6: the cumulative distribution function and the probability density function.



The output variable h is within the interval (Y0.025 = 96.5 nm, Y0.975 = 100.2 nm) with p = 95%. The comparison of results obtained by the Monte Carlo simulation method calculated in [80] and the Bayesian method is provided in Table 12.



Reasonable agreement of the results is shown, with differences less than 5%. The smaller uncertainty obtained using the Bayesian method compared to the Monte Carlo simulation method can be attributed to the use of prior information about the output quantity.



In addition to the calibration examples presented in this paper, a variety of well-documented case studies illustrating good practice in measurement uncertainty evaluation can be found in the publication “Good Practice in Evaluating Measurement Uncertainty—Compendium of Examples” [81], edited by Van der Veen and Cox and published by EURAMET. The compendium includes examples across different measurement domains and illustrates the application of the GUM method, the Monte Carlo method, and Bayesian approaches.



For example, the GUM method is applied in “Two-point and multipoint calibration” (Cox et al. [82]), which addresses pH measurement and emphasizes the importance of input quantity correlations. Another GUM-based example is “Evaluation of measurement uncertainty in average areal rainfall” (Ribeiro et al. [83]), which compares multiple estimation methods using GUM and GUM Supplement 1.



The Monte Carlo method is used in “Evaluation of measurement uncertainty in SBI—Single Burning Item reaction to fire test” (Martins et al. [84]), where the complexity and nonlinearity of the model justify the use of simulation-based propagation. A more extensive application is shown in “Greenhouse gas emission inventories” (Cox et al. [85]), which combines MCS and Bayesian methods in environmental modeling.



The Bayesian approach is demonstrated in the example “Bayesian approach applied to the mass calibration example in JCGM 101:2008” (Demeyer et al. [86]), where prior knowledge is incorporated into the evaluation of a 100 g mass standard. A more complex application is found in “Uncertainty evaluation of nanoparticle size by AFM” (Caebergs et al. [87]), which uses a hierarchical Bayesian model with an optimized Design of Experiment to efficiently support nanometrology applications.



These examples serve as valuable references when designing, validating, or improving uncertainty evaluation strategies in laboratory practice.





4. Discussion: Strengths, Limitations, and Method Selection


4.1. Applicability and Scope of Measurement System Analysis (MSA)


The presented approaches can be compared, but they are not interchangeable; each has its own context of application. It is often desirable for them to complement each other within larger measurement management systems. MSA (Measurement System Analysis) is most appropriately used in industrial environments, for both variable and attribute data.



The methods for variable characteristics within the MSA framework are applied:




	
To assess the quality of measurement systems in order to understand how much of the variation in results is caused by the measurement system compared to the actual product variation.



	
To analyze components within the measurement system (gauge, operator, and interactions).



	
When introducing new measurement systems, to verify their suitability before use.



	
In the context of quality control when measuring or verifying product compliance with requirements.








The methods for attribute characteristics within the MSA framework are applied:




	
In situations where discrete decisions are made (e.g., during inspection or visual examination).



	
Multiple operators evaluate the same set of parts (e.g., pass/fail) multiple times, and the results are compared with each other and with a known “gold standard”. The following aspects are analyzed: accuracy relative to the reference (how often the operator agrees with the correct answer), internal consistency of the operator (repeatability), and consistency among operators (reproducibility).



	
To assess inter-rater agreement, especially in situations where multiple rating levels are possible (e.g., low/medium/high defect severity). The kappa coefficient indicates the degree of agreement beyond chance.









4.2. Advantages and Limitations of the MSA


Advantages of the MSA approach:




	
It is ideal for quick, operational verification of measurement capability within industrial production.



	
It clearly links the measurement system to process control and decision-making—for example, whether a result can be used to accept or reject a part.



	
It provides clear thresholds and acceptability criteria.



	
MSA is an integrated part of quality management systems and tools such as SPC (Statistical Process Control), PPAP (Production Part Approval Process), and APQP (Advanced Product Quality Planning).



	
The focus is on the measurement system as a whole, not just the measurement result.








Limitations of the MSA approach:




	
It is tailored to specific industrial processes and is less applicable in scientific or research environments.



	
It requires multiple operators to repeat measurements on the same sample, which is often not feasible in practice.



	
It does not provide a systematic evaluation of measurement uncertainty.



	
It is limited to production environments and intra-laboratory assessments.









4.3. Applicability and Scope of the ISO 5725 Series of Standards


The ISO 5725 series of standards is used:




	
For designing and conducting interlaboratory studies aimed at determining the repeatability (within-laboratory) and reproducibility (between-laboratories) of measurement results.



	
For evaluating the trueness of measurement methods based on experimental data obtained from multiple laboratories.



	
For internal quality control of measurement methods within a single laboratory, especially when the same method is applied continuously over time.



	
For assessing the accuracy (i.e., trueness and precision) of a method in research settings where the number of available samples is small, measurement conditions are not standardized, or the method is applied in a non-standard context.








Advantages of the Approach Based on the ISO 5725 Series of Standards:




	
ISO 5725 covers a wide range of measurement situations, allowing for the analysis of results obtained under different conditions, from various laboratories and methods.



	
The approach is internationally standardized, meaning that the results and procedures are globally recognized and accepted, especially in the scientific community, in industry, and by regulatory bodies.



	
The standards distinguish between different sources of variability, including repeatability, intermediate precision, and reproducibility, enabling a detailed analysis of method performance under varying conditions.



	
The approach can be adapted to different levels of complexity, from simple laboratory tests to full interlaboratory studies, depending on the user’s needs.








Limitations of the Approach Based on the ISO 5725 Series of Standards:




	
It requires a solid understanding of statistics (e.g., ANOVA, variance analysis, and outlier tests), which can be a barrier for use in small laboratories or in industrial settings without data specialists.



	
It does not provide numerical values of measurement uncertainty directly but focuses on estimates of precision and trueness as components of accuracy. As a result, results often need to be further converted into uncertainty estimates for accreditation purposes.



	
It is not designed for rapid evaluation of measurement systems on production lines, where quick detection of operator or instrument deviations is crucial.



	
The standards were originally developed for analytical and laboratory methods (e.g., chemical and microbiological), making them more difficult to apply directly to methods involving complex image processing (e.g., AFM, 3D optical measurements, and Computed Tomography).



	
They are not designed to systematically analyze and control all digital and software-related factors that may influence the measurement result.









4.4. Applicability and Scope of Measurement Uncertainty Evaluation


Measurement uncertainty evaluation is a key component in all fields where decisions are made based on measurement results. The most commonly used approaches, GUM, the Monte Carlo method, and the Bayesian approach, are widely applied in testing and calibration laboratories, especially those operating under ISO/IEC 17025, which requires a clearly documented and justified uncertainty evaluation for all test and calibration results.



In the field of medical laboratories, ISO 15189 [88] requires the evaluation of measurement uncertainty for quantitative analyses, such as determining the concentration of glucose, hormones, or electrolytes. Given the specific nature of medical measurements, the GUM-based approach is often adapted to the clinical context to enable reliable interpretation of results critical for diagnosis and treatment.



Inspection bodies operating in accordance with ISO/IEC 17020 [89] must also evaluate measurement uncertainty when measurement results serve as the basis for inspection decisions—for example, in the assessment of the safety of elevators, pressure vessels, or industrial pipelines. ISO 10012 [90], which relates to measurement management systems in industrial and manufacturing environments, recommends the management of measurement uncertainty to ensure measurement traceability and product quality. Similarly, the ISO 14253 [91] series of standards, which address product geometric specifications (GPS), emphasize the need to incorporate measurement uncertainty when deciding on the conformity of measured features with technical requirements, an aspect particularly important in dimensional metrology.



Although ISO 9001 [92] does not explicitly mandate the evaluation of measurement uncertainty, it is implied in the requirements for ensuring the quality of measurement systems, especially for manufacturers operating in high-precision industries. Demonstrating that the measurement system is capable of meeting the required accuracy necessarily involves understanding and managing measurement uncertainty.



The evaluation of measurement uncertainty is also mandatory according to the accreditation requirements of international bodies such as International Laboratory Accreditation Cooperation (ILAC), German Accreditation Body (DAkkS), Croatian Accreditation Agency (HAA), United Kingdom Accreditation Service (UKAS), and other national accreditation agencies. For accredited testing and calibration laboratories, reporting measurement uncertainty is considered an essential component of reliable and traceable measurement, particularly in calibration certificates, where omitting uncertainty would render the result incomplete.



In addition, measurement uncertainty plays an important role in scientific research, serving as a foundation for the credible interpretation of experimental results. Without quantifying uncertainty, scientific claims regarding the significance of differences, repeatability of results, or conformity with theoretical models remain questionable. In research involving measurements, ranging from physics and chemistry to engineering and biomedicine, uncertainty is crucial for transparency, comparability, and reproducibility of the data obtained. In an increasing number of scientific journals, including uncertainty evaluation is regarded as good scientific practice or even a formal requirement for publication.




4.5. Advantages and Limitations of GUM, Monte Carlo, and Bayesian Methods


4.5.1. Advantages of the GUM, Monte Carlo, and Bayesian Approaches


In contrast to traditional Measurement Systems Analysis (MSA) methods, such as Gage R&R studies or ISO 5725-based approaches, which primarily rely on statistical analysis of experimental data to assess repeatability, reproducibility, bias, and precision, modern approaches to evaluating measurement uncertainty—namely GUM, Monte Carlo Simulation (MCS), and Bayesian methods—offer several important advantages.



First, the GUM (Guide to the Expression of Uncertainty in Measurement) approach enables analytical modeling of the measurement process through a mathematical measurement equation, incorporating all known sources of uncertainty, whether derived from experimental measurements, calibration certificates, equipment specifications, or expert judgment. This approach provides a structured and traceable evaluation of uncertainty, even when extensive experimental studies are not feasible.



Monte Carlo Simulation (MCS) extends the GUM framework for nonlinear measurement models or situations where an analytical solution is not possible. Instead of uncertainty propagation via differentiation, MCS uses numerical simulation of the result distribution, enabling a more realistic depiction of measurement uncertainty, especially in complex or nonlinear systems. MCS is particularly valuable in advanced engineering and scientific applications where traditional statistical models may not be suitable.



The Bayesian approach offers additional flexibility by allowing for the combination of prior knowledge (e.g., from previous calibrations, historical data, or expert judgment) with new experimental data. The outcome is not only an estimate of uncertainty but also an updated probability distribution of the measurement. This enables dynamic improvement of the accuracy and reliability of measurement results, which is especially useful in situations with a limited number of samples or in sequential measurements.



These three approaches, GUM, MCS, and Bayesian, represent a fundamental shift from descriptive statistics to interpretative and predictive modeling of measurement uncertainty, making them incomparably more powerful tools for today’s demanding measurement tasks.




4.5.2. Limitations of the GUM, Monte Carlo, and Bayesian Approaches


Although modern approaches to measurement uncertainty evaluation—such as the GUM methodology, Monte Carlo simulation, and the Bayesian approach—offer deeper insights and greater flexibility in modeling measurement processes, they are not without limitations, especially when compared to classical statistical methods such as MSA and ISO 5725.



One of the main limitations of the GUM approach is the requirement for a detailed understanding of the measurement model, including all relevant quantities, their interrelationships, and associated sources of uncertainty. Unlike ISO 5725, which relies on experimental repetition and does not require explicit modeling, GUM demands a mathematical formulation of the measurement process, which can be challenging in complex or poorly understood systems.



The Monte Carlo method, although powerful for nonlinear problems, requires computational resources and statistical expertise, which may be a barrier in laboratories lacking advanced software tools or trained personnel. Furthermore, the quality of the results depends on the number of simulations and the validity of the input distributions, meaning that incorrect assumptions can lead to unreliable outcomes.



The Bayesian approach introduces additional complexity, as it requires the definition of prior distributions, which may introduce subjectivity if prior knowledge is not well-founded. Furthermore, its practical application is not yet widely standardized and often involves advanced computational methods (e.g., MCMC), which are not typically part of routine laboratory practice.



In summary, although GUM, MCS, and Bayesian methods offer greater theoretical precision and flexibility, their application is more demanding. They depend on the availability of data, expert knowledge, and computational resources and may not always be practical in industrial or operational contexts where speed, simplicity, and interpretability are more important than complete analytical accuracy.





4.6. Limitations and Sources of Uncertainty


This review paper includes experimental data and numerical implementations of methods for evaluating measurement quality, conducted in both industrial and laboratory environments. Methods such as Gage R&R, Attribute Agreement Analysis, GUM, Monte Carlo, and the Bayesian approach were applied to real-world data, enabling practical comparison of the approaches. Although this study is based on a large number of selected relevant sources, it is still possible that some pertinent studies or perspectives were omitted from the analysis. Due to the lack of comparable quantitative studies in the literature, the analysis is based on a structured comparison of methodological approaches and their characteristics.



While this paper is grounded in actual measurement data, the scope of experimental examples is limited. This study focuses on specific cases within certain metrological domains. The analyses and results do not cover all possible industrial and laboratory scenarios; therefore, further validation in other contexts would be required before generalizing the conclusions. The comparison of methods and standards (MSA, ISO 5725, GUM, etc.) is based on current standards and expert sources. However, differences in terminology and interpretation of key concepts (e.g., “accuracy”, “trueness”, and “repeatability”) still pose challenges for full alignment among the approaches.



Despite these limitations, this paper contributes to a better understanding of available methods and standards for assessing measurement quality and may serve as a foundation for further validation and application in various metrological contexts.





5. Conclusions


This review has presented key methodologies for evaluating the quality of measurement systems and results, including Measurement System Analysis (MSA), ISO 5725, and GUM-based uncertainty evaluation. Each approach has its strengths and is suitable for different measurement contexts from industrial production control to high-precision scientific measurements. Through comparative analysis and practical examples, it is demonstrated that a clear understanding of concepts such as repeatability, reproducibility, trueness, accuracy, bias, and measurement uncertainty is essential for correctly interpreting results and applying methods within each specific metrological framework. Since these terms are defined and evaluated differently across various standards (e.g., MSA, ISO 5725, and GUM), this paper examines these concepts in the context of each framework, highlighting their methodological distinctions.



The review has also highlighted inconsistencies in definitions and the use of key terms across different standards and methodological frameworks. For instance, the concept of accuracy is interpreted differently in MSA and ISO 5725, while the term trueness is absent from GUM, despite its central role in ISO 5725. Particularly notable is the inconsistent treatment of bias: in ISO 5725, it represents a measurable component of systematic error used to assess trueness, while in GUM, known biases are corrected and only the uncertainty of the correction is propagated. In contrast, MSA sometimes ambiguously equates bias with accuracy, which can lead to conceptual confusion. Such discrepancies can lead to misinterpretation of results or the misuse of methods if not carefully considered. The ongoing revision of the International Vocabulary of Metrology (VIM), currently in the form of VIM4 Committee Draft (2021), confirms the need for clearer and harmonized definitions. This revision seeks to align terminology across standards such as ISO 5725 and GUM and to improve the consistency of metrological communication and reporting.



In this context, careful interpretation of measurement results is not only a matter of technical correctness but also of terminological precision. Continued efforts toward standard harmonization, education on terminology, and method selection criteria are necessary to ensure reliable and traceable quality assessment particularly in light of future trends involving big data, AI, and intelligent measurement systems.




6. Future Directions and Recommendations


Given the increasing complexity of measurement systems, the growing volume of available data, and the rapid advancement of digital technologies, it is expected that methods for evaluating measurement quality will undergo significant evolution in the near future.



In the context of Industry 4.0 and 5.0, and the ongoing digital transformation of manufacturing, as illustrated in research [93,94,95], there is a growing need to develop smart measurement systems fully integrated with autonomous robotic platforms capable of making decisions in real time.



In addition to new hardware development, it is essential to standardize methods for evaluating measurement uncertainty in automated and flexible manufacturing environments and to implement advanced software tools for automatic inclusion of uncertainty in reported results. Furthermore, there is increasing interest in applying Artificial Intelligence (AI) and Machine Learning (ML) algorithms in the analysis of measurement system quality. Automated pattern recognition, identification of error sources, and intelligent optimization of measurement procedures offer substantial potential for improving efficiency and reliability.



Uncertainty quantification for supervised machine learning is a relatively new scientific field focused on integrating metrological principles into machine learning. Uncertainty quantification in supervised learning is becoming increasingly important in the context of large-scale data and the deployment of models in sensitive domains such as medicine [96,97,98]. In decision-making scenarios, such as diagnostics, risk assessment, or personalized therapy, it is crucial to know how “confident” a model is in its prediction [99]. Given the growing volume of heterogeneous data (big data) and the widespread adoption of AI systems, uncertainty quantification is expected to become a key component of future research in machine learning, especially in areas where incorrect decisions carry significant risk.



It is therefore recommended that future efforts focus on



	
Continued education of engineers and measurement system users on the importance of expressing and interpreting measurement uncertainty;



	
Promotion of the integration of advanced numerical and probabilistic methods into everyday practice;



	
Exploration of the potential of AI and ML in metrology;



	
Standardization of uncertainty evaluation procedures for automated production environments;



	
Development of modular tools and systems for quality assessment, enabling the flexible application of different methods (GUM, MCS, and Bayesian) according to user needs.






The combination of harmonized terminology, robust methods, and advanced technologies will ensure sustainable and highly reliable quality evaluation of measurements in increasingly demanding industrial and scientific settings.
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Figure 1. Key components of the MSA method used in GR&R analysis. 
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Figure 2. ISO 5725 framework for evaluating measurement accuracy. 
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Figure 3. A comparison of the GUM, Monte Carlo, and Bayesian approaches to measurement uncertainty evaluation. 
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Figure 4. Methods for assessing the quality of measurement systems and results. 






Figure 4. Methods for assessing the quality of measurement systems and results.



[image: Applsci 15 09393 g004]







[image: Applsci 15 09393 g005] 





Figure 5. Monte Carlo simulations method: probability density function. 
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Figure 6. Bayesian method: step height h [78]. 






Figure 6. Bayesian method: step height h [78].



[image: Applsci 15 09393 g006]







 





Table 1. Comparison of definitions of fundamental metrological concepts.
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	Concept
	Definition VIM
	Definition GUM (JCGM 100)
	Definition ISO 5725:2023
	Definition MSA (Reference Manual Fourth Edition)





	Measurement result
	Set of quantity values attributed to a measurand along with relevant information.
	An estimate of the value of a measurand accompanied by a statement of uncertainty.
	Value obtained by applying a measurement procedure according to a test method.
	Result of the measurement process involving the system, operator, and environment.



	Measurement error
	Difference between a measured quantity value and a reference quantity value; includes systematic and random components.
	Not directly defined; discussed in the context of uncertainty. Error is a concept underlying uncertainty.
	Overall error defined as a combination of trueness and precision.
	Difference between the average result and the reference value (bias).



	Precision
	Closeness of agreement between indications or measured values obtained under specified conditions.
	Quantified by standard deviation of measured values under repeatability or reproducibility conditions.
	Based on the standard deviation in results under defined conditions.
	Variability expressed as Equipment Variation (EV).



	Trueness
	Closeness of the mean of measured values to the reference value; inversely related to systematic error.
	Discussed indirectly; related to the concept of systematic error.
	Closeness of the mean result to the accepted reference value.
	Not directly used; focus is on bias as an expression of trueness.



	Accuracy
	Combination of trueness and precision; not a quantity and not expressed numerically.
	Sometimes used informally to mean closeness to true value, but not defined as a quantity.
	Accuracy = trueness + precision. Quantified experimentally.
	Often incorrectly used as a synonym for bias.



	Bias
	Estimate of a systematic measurement error, i.e., the difference between the expectation of test results and a reference value.
	Systematic effect on a measurement result, often corrected or accounted for through uncertainty.
	Difference between the expected result and the reference value.
	Systematic error expressed as deviation from the reference value.



	Repeatability and Reproducibility
	Repeatability: same conditions. Reproducibility: different conditions across labs/operators.
	Used as input in uncertainty models; considered under standard uncertainty estimates.
	Repeatability: same conditions. Reproducibility: different labs, equipment, and operators.
	EV (repeatability) and AV (reproducibility) via Gage R&R studies.



	Measurement uncertainty
	Non-negative parameter characterizing the dispersion of quantity values attributed to a measurand.
	Parameter associated with the result of a measurement, characterizing dispersion of values that could be reasonably attributed to the measurand (uncertainty means doubt, and therefore in its broadest sense, uncertainty of measurement means doubt about the validity of the result of a measurement).
	Is not explicitly defined (but it is clearly implied that repeatability, reproducibility, and trueness constitute experimental input data that can be used in the evaluation of measurement uncertainty, for example, in accordance with the GUM or ISO 21748, and bias (as an expression of trueness) should be corrected for if known, and the remaining uncertainty of the correction can be included in the overall measurement uncertainty).
	Estimate of the range within which the true value is believed to lie.










 





Table 2. MSA methods, purpose, data type, recommended illustrations, and acceptance criteria.
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	MSA Method
	Data Type
	Purpose
	Recommended Illustration
	Acceptance Criteria





	Gage R&R (Average & Range)
	Variable
	Basic assessment of repeatability and reproducibility of the measurement system
	Scatter plot by parts and appraisers
	GRR < 10%: acceptable, 10–30%: marginal,

>30%: unacceptable



	Gage R&R (ANOVA)
	Variable
	Detailed statistical analysis of variability components
	Variance components chart, interaction plot
	Same as above but includes significance tests for sources of variation



	Gage R&R (Nested)
	Variable
	Used when the same parts are not available for all appraisers (e.g., destructive testing)
	Box plot by appraiser
	Interpret based on % contribution of nested sources; GRR guidelines apply



	Expanded Gage R&R
	Variable
	Extended analysis including additional factors (e.g., time, device, and location)
	Multifactor plot, interaction diagram
	Acceptability depends on total variation explained; no fixed % thresholds



	Type 1 Gage Study
	Variable
	Quick check of bias and repeatability of a single device
	Histogram and    X ¯   

control chart
	Cg ≥ 1.33; Cgk ≥ 1.33 (capability indices)



	Linearity Study
	Variable
	Assessment of measurement bias across the measurement range
	Scatter plot with regression line
	Linearity slope ≈ 0; R2 > 0.9; individual biases within limits



	Bias Study
	Variable
	Assessment of deviation from known reference value
	Bar chart (bias)
	Bias within tolerance limits or statistically non-significant



	Stability Study
	Variable
	Check of measurement system consistency over time
	   X ¯    and R control chart
	No significant trend; all points within control limits



	Attribute Agreement Analysis
	Attribute
	Assessment of rater consistency and agreement with standard
	Accuracy matrix, agreement table
	≥90% agreement recommended; ≥70% for marginal acceptability



	Kappa Analysis (Cohen/Fleiss)
	Attribute
	Statistical measure of inter-rater agreement (multiple raters)
	Kappa heatmap
	Kappa > 0.75: strong agreement; 0.4–0.75: moderate; <0.4: weak










 





Table 3. Overview of ISO 5725 series—purpose, application, recommended illustrations, and acceptance criteria.
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	Part
	Purpose
	Typical Application
	Recommended Illustration
	Acceptance Criteria





	ISO 5725-1:2004
	Introduces general principles for evaluating the accuracy of measurement methods and results, including definitions and framework.
	Reference for terminology, planning accuracy studies, and understanding components of accuracy.
	Concept diagrams showing relationship between accuracy, trueness, and precision.
	No specific criteria; foundational concepts and definitions.



	ISO 5725-2:2020
	Provides basic methods for estimating repeatability and reproducibility through interlaboratory studies.
	Evaluation of precision in collaborative tests; standard design for reproducibility studies.
	Standard deviation charts, Youden plots, repeatability vs. reproducibility plots.
	Repeatability and reproducibility standard deviations should be within limits relevant to the method or product specification.



	ISO 5725-3:2024
	Describes designs for obtaining intermediate precision and provides alternatives to designs in Part 2.
	Used when variability due to operator, time, or equipment must be evaluated within the same lab.
	Box plots, control charts stratified by operator or day.
	Intermediate precision variability should be assessed in context of long-term method performance.



	ISO 5725-4:2020
	Provides basic methods for the determination of trueness using reference values.
	Used to assess bias in measurement methods through comparison with reference materials.
	Bias plots, difference plots, histograms comparing measurement and reference values.
	Bias should be statistically insignificant or within acceptable limits of the method.



	ISO 5725-5:2004/corr2009
	Presents alternative methods for determining trueness and precision under specific conditions.
	Applied in cases with limited data, non-standard conditions, or specific method constraints.
	Simulation plots, adaptive model visualizations.
	Acceptance depends on context-specific statistical validation; no fixed universal limits.



	ISO 5725-6:2004
	Provides practical examples of applications of the trueness and precision concepts.
	Training, guidance for implementation, and case studies of statistical evaluations.
	Applied case study charts, visual summaries of study outcomes.
	Illustrative only; no acceptance criteria defined.










 





Table 4. Summary of Gage R&R results.
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	Source of Variation
	%Contribution
	%Study Var
	%Tolerance





	Total Gage R&R
	0.32
	5.68
	12.90



	Repeatability
	0.26
	5.10
	11.58



	Reproducibility
	0.06
	2.50
	5.69



	Part-To-Part
	99.68
	99.84
	226.90



	Total Variation
	100.00
	100.00
	227.27










 





Table 5. Applied criteria.
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%Contribution

Refers to how much variation is caused by the measurement system itself, in comparison to total variation.

	
%Study Variation

Reflects the proportion of variation due to the measurement system relative to overall process variation.

	
%Tolerance

Compares the variability of the measurement system to the full specification tolerance of the part or product.




	
≤1% The measurement system is considered acceptable.

	
<10%

Acceptable.




	
1–9%

May be acceptable, depending on the application.

	
10–30%

Marginally acceptable.




	
>9%

Unacceptable.

	
>30%

Unacceptable.











 





Table 6. Within appraiser agreement rates and confidence intervals.






Table 6. Within appraiser agreement rates and confidence intervals.





	Appraiser
	Number of Samples
	Matched Ratings
	Agreement Rate
	95% CI





	A
	30
	30
	100.00%
	(90.50, 100.00)



	B
	30
	29
	96.67%
	(82.78, 99.92)



	C
	30
	30
	100.00%
	(90.50, 100.00)










 





Table 7. Appraiser agreement with the reference standard.
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	Appraiser
	Number of Samples
	Matched Ratings
	Agreement Rate
	95% CI





	A
	30
	29
	96.67%
	(82.78, 99.92)



	B
	30
	29
	96.67%
	(82.78, 99.92)



	C
	30
	28
	93.33%
	(77.93, 99.18)










 





Table 8. Assessment disagreement by appraiser.
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	Appraiser
	Incorrect Reject/Accept (%)
	Incorrect Accept/Reject (%)
	Mixed Ratings (%)





	A
	0.00
	12.50
	0.00



	B
	0.00
	0.00
	3.33



	C
	0.00
	25.00
	0.00










 





Table 9. Between-appraiser agreement.
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	Number of Samples
	Matched Ratings
	Agreement Rate
	95% CI





	30
	26
	86.67%
	(69.28; 96.24)










 





Table 10. Statistical evaluation of repeatability and reproducibility for Sa, Sz, and Sq parameters according to ISO 5725-2:2020 (measurement years 2021 and 2025).
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Sa/nm

	
Sz/nm

	
Sq/nm






	
Year 2021

	
Measurement series

	
Measurement series

	
Measurement series




	
1

	
2

	
1

	
2

	
1

	
2




	
     x ¯  i  =   1   n i        ∑   j = 1  n    x  i j     

	
50.849

	
50.157

	
174.521

	
175.914

	
54.646

	
54.385




	
    s i  =        ∑   j = 1  n       x i  −  x ¯     2     n i  − 1        

	
0.151

	
0.224

	
1.395

	
1.590

	
0.468

	
0.202




	
    x =  =   1 N      ∑   i = 1  m      ∑   j = 1  n    x  i j     

	
50.503

	
175.218

	
54.515




	
    s r  =        ∑   i = 1  m     n i  − 1     s i  2      ∑   i = 1  m   n i  − 1        

	
0.191

	
1.495

	
0.360




	
    s d  =        ∑   i = 1  m    (    x i   ¯  −  x =  )  2    m − 1        

	
0.346

	
0.697

	
0.130




	
    s L  =    s d 2  −     s r 2   n       

	
0.342

	
0.580

	
0.091




	
    s R  =    s r 2  +  s L 2      

	
0.392

	
1.604

	
0.372




	
   r = 2.8    s r    

	
0.528

	
4.133

	
0.995




	
   R = 2.8    s R    

	
1.083

	
4.433

	
1.027




	
Year 2025

	
Measurement series

	
Measurement series

	
Measurement series




	
1

	
2

	
1

	
2

	
1

	
2




	
     x ¯  i  =   1   n i        ∑   j = 1  n    x  i j     

	
50.24

	
51.24

	
182.50

	
176.63

	
51.812

	
53.71




	
    s i  =        ∑   j = 1  n       x i  −  x ¯     2     n i  − 1        

	
0.16

	
0.19

	
2.03

	
1.63

	
0.174

	
0.244




	
    x =  =   1 N      ∑   i = 1  m      ∑   j = 1  n    x  i j     

	
50.74

	
179.63

	
52.76




	
    s r  =        ∑   i = 1  m     n i  − 1     s i  2      ∑   i = 1  m   n i  − 1        

	
0.177

	
1.843

	
0.212




	
    s d  =        ∑   i = 1  m    (    x i   ¯  −  x =  )  2    m − 1        

	
0.503

	
2.064

	
0.947




	
    s L  =    s d 2  −     s r 2   n       

	
0.122

	
0.240

	
0.238




	
    s R  =    s r 2  +  s L 2      

	
0.215

	
1.859

	
0.319




	
   r = 2.8    s r    

	
0.489

	
5.094

	
0.586




	
   R = 2.8    s R    

	
0.593

	
5.394

	
0.881











 





Table 11. Input quantities and probability density function.
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	Quantity
	Symbol
	Distribution
	Value





	Temperature
	t
	Fixed value
	30 °C



	Reference temperature
	t0
	Constant
	24.0085 °C



	Intercept (calibration curve)
	y1
	Normal
	(M, −0.1625, 0.0011)



	Slope (calibration curve)
	y2
	Normal
	(M, 0.00218, 0.00067)










 





Table 12. Results for symmetric coverage interval (95%).
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Method

	
h

	
u(h)

	
Coverage Interval (95%)




	
nm

	
nm

	
nm






	
MCS

	
98.9

	
1.45

	
[96.0, 101.8]




	
Bayes

	
98.3

	
1.41

	
[96.1, 101.7]
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