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 1 Introduction 

To ensure the safety, cost-effectiveness, functionality, and 

durability in design, knowledge of component properties 

(e.g., concrete compressive strength and steel yield 

strength) and geometric properties (e.g., effective depth 

and other geometric dimensions such as column 

dimensions or slab thickness) utilised in a structure is a 

key requirement [1]. In this context, to conduct accurate 

structural reliability assessments, realistic probabilistic 

models for the characterisation of all relevant uncertain 

variables (usually known as basic variables) are needed 

(e.g., [1]-[4]). In principle, probabilistic models of basic 

variables, as those offered in reference bibliography – such 

as in JCSS Probabilistic Model Code [5] or, more recently, 

the fib Model Code 2020 [6] – can be utilised. Yet, the 

uncertainty in such models can be reduced through more 

up-to-date information.  

In recent years, new means to reduce the uncertainty in 

the properties of structural components have been 

thoroughly investigated (e.g., [7]-[10]). Previous studies 

have demonstrated that the utilisation of quality control 

procedures enable the identification and quantification of 

errors in production. After quality control assessment, 

such procedures might play a relevant role on the outgoing 

properties (i.e., after being submitted to conformity 

control assessment) of structural components as material 

properties and, therefore, influencing the respective 

stochastic models of such properties [7]-[10]. When input 

from quality control is considered, Bayesian statistics offer 

a solid basis for the update of distributional parameters 

needed for the stochastic description of material and 

geometric properties [7]-[10]. Updating prior knowledge 

into a posterior belief is possible by means of direct 

information (e.g., using experimental test results as in 

[11]) or indirect information (e.g., using expert input) [9]. 
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Then, the favourable filtering effect of quality control 

assessments on structural safety can be quantified by 

means of advanced reliability-based techniques, such as 

First- or Second Order Reliability Methods (Level II 

methods) or numerical simulations such as Crude Monte 

Carlo methods or Monte Carlo methods with variance 

reduction (Level III methods) (e.g.,[1]-

[4],[7],[9],[12],[13]). 

When a structural component is subjected to conformity 

control – as part of quality control assessment – 

compliance with certain criteria must be verified. 

Normally, such conformity control criteria are specified in 

codes of practice, guidelines or standards. Criteria for the 

control of concrete compressive strength is detailed in the 

European standard DIN EN 206 [14] depending on sample 

size provisions and on the specific production regime (i.e., 

initial production or continuous production). These criteria 

can be nationally adjusted to address country-specific 

provisions (e.g., DIN 1045-2 in Germany [15]). The use of 

conformity criteria for the quality control of reinforcing 

steel is mentioned in the German standard DIN 488-6 

[16]. Likewise, criteria for the control of geometric 

properties are specified in DIN EN 13670 [17] on the 

grounds of distinct tolerance classes (classes 1 and 2) 

(Figure 1). Also, the European standard EN 13369 [18] 

provides criteria for the quality control of geometric 

properties of precast concrete components. 

Notwithstanding, conformity control criteria can be also 

found in specific harmonised European Standards (known 

as hEN), which are instruments for demonstrating the 

conformity of products with the essential requirements of 

the European harmonisation directives and regulations 

established in Construction Products Regulation (known as 

CPR). 

 

Figure 1 Extract of conformity control criteria for cross-sectional 

properties on the basis of EN 13670 [17] 

When a product is subjected to a quality control 

assessment, certain lots are considered good and others 

defective and, therefore, they are accepted or rejected, 

respectively [8]. To this, the discriminatory power (i.e., 

effectiveness) of different acceptance sampling plans shall 

be investigated by comparing how they perform at 

different levels of quality established in acceptance 

sampling plans. Acceptance sampling plans can be divided 

into two types [19]:  

- Control based on variable assessment [20],[21]: 

A batch of products subjected to inspection should 

be considered conforming if the number of quality 

statistics does not exceed a qualifying number 𝑘 

(e.g., characteristic value for the concrete 

compressive strength as the 5% quantile value). 

- Control based on attribute assessment [22],[23]: 

A batch of products subjected to inspection should 

be considered compliant if the number of non-

compliant items in the tested sample does not 

exceed a qualifying number 𝑘 (e.g., number of 

defective items). 

When conformity control assessments are conducted, the 

quantification of the filtering effect is rather 

straightforward with the support of operating 

characteristics, also known as OC curves. These curves 

describe the discriminating capacity of the conformity 

control criteria considered in a specific quality control 

inspection [7]-[9]. An OC curve is a function 𝑃𝑎(𝜃) that 

illustrates the probability 𝑃𝑎 that an inspection lot that is 

characterised by a certain fraction defective 𝜃 is accepted 

[7]-[9] (Figure 2; see also Section 2). In short, this curve 

is a quality control tool to ensure that (i) the quality of 

incoming parts satisfies certain requirements before they 

are released (or assembled, if it is the case), (ii) the quality 

of semi-finished products is acceptable before they are 

passed to the next production (or construction) stage or 

(iii) that the quality of finished products satisfies the 

customer's specifications before they are released to the 

customer [24].  

 

Figure 2 Illustration of OC curves for a specific sampling plan and 

comparison to an ideal situation (AQL: Acceptance Quality Level) 

(adapted from [25]) 

In the context of structural reliability, the work of Caspeele 

& Taerwe [7]-[9] demonstrates how OC curves can be 

utilised for the control of concrete compressive strength 

and to which extent this probability of acceptance affects 

the structural safety level. However, the utilisation of OC 

curves for the control of attributes, as geometric 

properties, is not widely covered in literature (apart from 

specific studies, e.g., [19],[26]) and, therefore, their 

potential for structural safety assessments remains to be 

investigated. To bridge such knowledge gap, this paper 

explores the potential offered through the utilisation of OC 

curves for a control based on attribute inspection applied 

to geometric properties and open avenues for further 

utilisation in structural safety assessments. 
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2 Operating characteristics for the quality control 

of attributes  

The function 𝑃𝑎(𝜃) — described in Section 1 — is a required 

input for the Bayesian framework that enables the update 

of the incoming distribution function (into a posterior 

distribution function) due to quality control. Considering 

the Bayesian updating principle, the posterior (filtered) 

joint density function of the parameters of the distribution 

(of the material or geometric property) after conformity 

control is given by [7]-[9]:  

𝑓′′
𝑀,𝛴

 (𝜇, 𝜎) =  
𝑓′

𝑀,𝛴
(𝜇,𝜎)∙ 𝑃𝑎(𝜇,𝜎|𝑥)

∬ 𝑓′
𝑀,𝛴

(𝜇,𝜎)∙ 𝑃𝑎 (𝜇,𝜎|𝑥) 𝑑𝜇 𝑑𝜎
    (1) 

with 𝑃𝑎(𝜇, 𝜎|𝑥) being the probability of acceptance of a 

population with mean and standard deviation associated 

to the conformity criterion under consideration, 𝑓′
𝑀,𝛴

(𝜇, 𝜎) 

being the prior joint density function of the mean and 

standard deviation of the population and 𝑓′′
𝑀,𝛴 (𝜇, 𝜎) the 

density function of the mean and standard deviation of the 

population. Numerical integration is typically adopted to 

solve Equation (1) [7]-[9].  

According to [19], the simplest attribute assessment plan 

is a single plan classifying each item as good or defective. 

In such a plan, a batch defect is seen as 𝜃 =  𝑘/ 𝑛 with 𝑛 

being the number of samples in a lot and 𝑘 being the 

allowable number of defective items in that lot. A single 

assessment plan — normally denoted as 𝑘 ∥ 𝑛  — is a 

formal record specifying the size of a random sample taken 

from a lot at one time. To create such a plan, the 

acceptable quality level (AQL) that meets the inequality 

𝜃 ≤ AQL (Figure 2). Note that exceeding the allowable 

number of defective items 𝑘 leads to a lot being classified 

as defective and, thus, rejected. An “ideal” OC curve would 

be a plan to ensure that all the lots with defectiveness 𝜃 ≤

AQL are accepted and rejected when 𝜃 ≥ AQL. This “ideal” 

OC curve is represented by the lines ABCD in Figure 2, 

which can be only achieved if each individual production 

unit is subjected to conformity control or if the 

(hypothetical) sample is infinitely large for continuous 

processes in which the product cannot be discretely 

separated. 

The probability that in a 𝑛-sample taken from a lot will 

have at most 𝑘 defective items can be estimated through 

the following distribution function (Bernoulli type), which 

is suitable for independent samples (e.g., [19],[25],[27]):  

𝑃𝑎(𝜃) = (𝑛
𝑘

) 𝜃𝑘 (1 − 𝜃)𝑛−𝑘     (2) 

with 𝑘 = 0, 1, … , 𝑛.  

It should be mentioned that it is assumed that the lot size 

is large as compared to the sample size so that removing 

the sample does not significantly change the remainder of 

the lot, independently of the number of defects in the 

sample. 

As a final remark, it should be noted that an attribute 

assessment plan should never be adopted prior to being 

tested for the behaviour of its OC curves. This is necessary 

to assure that it has the wanted characteristics [25]. 

3 Influence of sampling plan on OC curves 

3.1 General considerations 

In this sub-section, it is investigated how the probability 

of lot acceptance differs with variation of two parameters: 

number of inspected items in a batch 𝑛 and acceptance 

number 𝑘. To this, two trends were investigated (Table 1). 

In Trend 1, alternative OC curves were determined by 

keeping 𝑛 constant, while varying 𝑘. In Trend 2, alternative 

OC curves were estimated by keeping the acceptance 

number 𝑘 constant and varying 𝑛.  

Table 1 Effect of sampling plan on OC curves: assumptions for the 

parameters 𝑛 and 𝑘 

Trends Sampling 

plans 𝒌 ∥ 𝒏 

Inspected 

items in 

a batch 𝒏 

Acceptance 

number 𝒌 

Trend 1: 

Constant 𝒏 

and 

variable 𝒌 

0 ∥ 5 5 0 

0 ∥ 10 10 0 

0 ∥ 20 20 0 

Trend 2: 

Variable 𝒏 

and 

constant 𝒌 

0 ∥ 20 20 0 

1 ∥ 20 20 1 

2 ∥ 20 20 2 

 

3.2 Results and discussion 

The OC curves displayed in Figures 3 and 4 were 

determined based on Equation (2). Figure 3 illustrates a 

situation where the acceptance number 𝑘 is kept constant 

with 𝑛 varying as 𝑛1  < 𝑛2 < 𝑛3.  The results confirm that by 

keeping the acceptance number constant, the more items 

𝑛 are inspected, the shape of the OC curve becomes 

steeper and, thus, closer to what is considered ideal (i.e., 

when optimal control would be applicable) (see Figure 2). 

 

Figure 3 OC curves illustrating the sampling plans of Trend 1: 

Constant acceptance number, varying sample size 

The reverse trend is demonstrated in Figure 4, in which 

the number of inspected items 𝑛 is kept constant with 𝑘 

varying as 𝑘1  < 𝑘2 < 𝑘3. Likewise, here the trend is also 

comprehensive: By keeping a constant 𝑛, the smaller the 

acceptance number 𝑘 is, the closer the OC-curve is to an 

optimal control. 
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Figure 4 OC curves illustrating the sampling plans of Trend 2: 

Constant sample size, varying acceptance number 

 

4 Influence of quality control on structural 

safety through the utilisation of OC curves 

4.1 General considerations 

In this sub-section, the influence of conformity control on 

the safety level of a structural component is assessed. In 

reliability studies, structural safety is typically measured 

through a failure probability 𝑃f  and a corresponding 

reliability index 𝛽 (e.g., [2],[12]). For inferences regarding 

the level of structural safety, target reliability indices 𝛽target 

are commonly established in reference structural codes 

such as in DIN EN 1990 [28] (e.g., reliability index 𝛽target =

3.8 for a reliability class RC 2 and a 50-year reference 

period).  

In this investigation, the influence of conformity control on 

the safety level of a structural component is investigated. 

In this case, a flat slab without shear reinforcement 

subjected to punching shear was analysed, whose 

structural resistance 𝑅 is expressed through the following 

limit state function 𝑔(𝑥⃗): 

𝑔(𝑥) = 𝜃R ∙ 𝑣Rm,c (𝑑, 𝜌l, 𝑓c) ∙ 𝑢1 (𝑑, 𝑎) ∙ 𝑑 −  𝑉Rd,c =  0  (3) 

with 𝜃R being a random variable to describe the model 

uncertainty of the design model for resistance. The term 

𝑣Rm,c (.) refers to the punching shear resistance whose key 

variables are affected by multiple uncertainties expressed 

by: 𝑑 is the random variable expressing the geometric 

uncertainty on effective depth, 𝑎 is the random variable 

expressing the geometric uncertainty on column 

dimensions, 𝜌l as the random variable expressing the 

geometric uncertainty on the flexural reinforcement steel 

ratio, and 𝑓c as the random variable expressing the 

uncertainty on concrete compressive strength. The term 

𝑢1 (.) refers to the critical perimeter at the distance of 2.0 

𝑑 from the periphery of the loaded area. 

The parameter 𝑉Rd,c  is the design value for punching shear 

resistance according to DIN EN 1992-1-1 [29]. By 

adopting the equation for the punching shear capacity 

given in DIN EN 1992-1-1 for 𝑣Rm,c (.), and considering 

interior squared columns, Equation (3) can be redefined 

as [30]: 

𝑔(𝑥) = 𝜃R ∙ [0.18 ∙  min {2.0; 1 + (
200

𝑑
)

1
2

} ∙ (100 ∙ ρ1 ∙ 𝑓c)
1
3]

∙ [4𝑎 +  2𝜋 ∙ 2𝑑] ∙ 𝑑 − 𝑉Rd,c =  0 

(4) 

Note that 𝑥⃗ = (𝜃R, 𝑑, 𝑎, 𝜌l, 𝑓c)
T
 is the vector of realisations of 

the basic variables, whose stochastic models are described 

in Table 2.  

Table 2 Stochastic models for the basic variables (based on [5] and 

[30]) 

𝑿 Variable Dist. 𝑿𝐤 𝝁𝐗 𝝈𝐗 

𝒇𝐜 Concrete 

compressive 

strength 

(30/37); 𝛾C =
1.5) [N/mm2] 

LSt(a) 30 42.9 5.84 

𝒅 
Effective 

depth [mm] 
St(b) 𝑑nom 𝑑nom+10 10 

𝒂 
Column 

dimensions 

[mm] 

St(b) 
𝑎nom: 
350 

anom + 

0.003 anom 

4+ 

0.006 

anom 

𝝆𝐥 
Flexural 

reinf. steel 

[mm2] 

N 
ρl,nom:

0.01 
Nom. 

0.02 
𝜌l,nom 

𝜽𝐑 

Model 

uncertainty for 

the resistance 

[-] based on 

[30] 

LN - 1.1343 0.2005 

LSt: Log-Student-t distribution; St: Student-t distribution; 

N: Normal distribution; LN: Lognormal distribution; 𝑿𝐤: 

Nominal value; 𝝁𝐗: Expected value; 𝝈𝐗: Standard 

deviation 
(a) Hyperparameters for the Log-student-t distribution 

interpolated from the values offered in [5] for the 

concrete class C30/37: 𝒎′ = 3.750; 𝒔′ = 0.105; 𝒏′ = 3; 

𝛎′ = 10 
(b) Hyperparameters for Student-t distribution determined 

according to the Maximum Likelihood Estimators 

described in [10] for a synthetic database of 𝑵 = 10 000 

normal distributed samples with sample size 𝒏 = 15 (e.g., 

for geometric dimension a = 350 mm: 𝒎′ = 351.1; 𝒔′  = 

5.64; 𝒏′  = 12.75; 𝛎′ = 12.43) 

 

Note that for the characterisation of some basic variables, 

Student-t or Log-Student-t distributions were considered. 

These distributions are commonly utilised to estimate the 

population parameters of small sample sizes. For 

sufficiently large sample sizes, Student-t or Log-Student-

t distributions tend to converge towards the ‘‘base 

distribution’’ (i.e., Normal or Lognormal distribution, 

respectively). Since the Student-t distribution has a higher 

chance for extreme values than Normal distributions, they 

typically have heavier (or fatter) tails (e.g., [31],[32]), 

which is particularly interesting for reliability-based 

analysis [10]. For the conformity control criteria, the 

provisions in DIN EN 13670 [17] were adopted namely 

Tolerance Class 1 from DIN EN 13670 [17] as displayed in 

Figure 1. Based on the discussion offered in Section 3.1., 

the sampling plan 0 ∥ 20 was assumed for this 

investigation. For the reliability-based calculation, the 
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First-Order Reliability Method (FORM) was considered 

(Hasofer-Lind-Rackwitz-Fiessler algorithm [33]). The 

computational analysis was conducted in the TesiproV [34] 

— a structural reliability software package built in R [35]. 

The target value 𝛽target of 3.8 was utilised for reference in 

this investigation. 

4.2 Results and discussion 

Figure 5 illustrates the influence of the conformity control 

criteria on the distribution of the effective depth dnom equal 

to 200 mm by assuming two tolerances levels using the 

values proposed in DIN EN 13670 [17] as reference. In 

this case, it was considered a Tolerance Class 1 (TC 1) with 

a lower tolerance value of dnom – 10 mm and a Tolerance 

Class 2 (TC 2) with a lower tolerance value of dnom – 5 mm. 

When TC 1 is applied, the mean value of the effective 

depth d increases from an initial value of 210 mm (i.e., 

incoming mean value) to 210.4 mm (i.e., outgoing mean 

value). Likewise, due to this conformity control, the 

standard deviation of the effective depth d decreases from 

10.50 mm (i.e., incoming standard deviation value) to 

9.60 mm (i.e., outgoing standard deviation value).  

When TC 2 is considered, the filtering effect is more 

prominent in comparison to the conformity control 

established through TC 1. With TC 2, the outgoing mean 

value increases to 210.9 mm and the outgoing standard 

deviation decreases to 9.22 mm. 

 

Figure 5 Influence of the investigated conformity criteria on the 

posterior distributions of the effective depth (dnom = 200 mm) 

Figure 6 displays the variation of the reliability index 𝛽 with 

and without considering the filtering effect of conformity 

control with respect to the effective depth d. When both 

tolerances are considered, the reliability indices 𝛽 tend to 

increase over the range of values considered for the 

effective depth d with resulting 𝛽 −values being always 

equal or above the recommended 𝛽target of 3.8. When 

conformity control is applied to the effective depth d, the 

increase is more pronounced for small values of effective 

depth d. The positive influence of conformity assessment 

– regardless of the tolerance classes considered – 

becomes gradually inexpressive for high values of the 

effective depth (dnom ≥ 400 mm), with resulting 𝛽 −values 

around 4.55. Considering the 𝛽 − values for dnom = 100 

mm, the reliability index 𝛽 increases from an initial value 

(i.e., without conformity control assessment) of 3.93 to 

4.19 when TC 1 is applied and to 4.30 when TC 2 is 

considered. These increments in reliability values 

represent gains up to 9.4 % simply due to conformity 

control applied to the above-described geometric 

property.  

 
Figure 6 Reliability index 𝛽 for a flat slab subject to punching shear 

(without shear reinforcement) with and without considering the 

filtering effect of conformity criteria with respect to the effective depth  

It is important to highlight here that the effect of 

conformity control assessment on structural reliability may 

be different when distinct sampling plans and tolerances 

criteria are considered. The effect of different assumptions 

in terms of sampling plans and tolerance criteria can 

already be investigated from early stages of the design 

process in order to establish more efficient quality control 

processes and, ultimately, make use of possible safety 

reserves through adjusted partial actors.  

5 Conclusions 

The statistical inference needed for the Bayesian 

framework utilised to update the distributional 

characteristics of geometric properties due to effect of 

quality control assessment is addressed in this 

investigation, which yielded the following conclusions: 

- For every accepting sampling plan (part of quality 

control assessment) there is a resulting OC curve 

that illustrates how the plan performs as lots of 

different quality levels are submitted to it. The 

characterisation of a sampling plan is, thus, 

critical to define key parameters as the number of 

items to be inspected in a lot as well as the 

number of defective items – and ultimately, 

derive suitable OC curves. 

- Structural safety assessments can benefit from 

considering the positive influence of the filtering 

effect of quality control, which is quantified with 

support of advanced reliability-based methods 

such as FORM or Crude Monte Carlo simulation 

methods.  

- The example addressed in this investigation 

demonstrates that after conformity control 

assessment both statistical parameters of the 

effective depth distribution (i.e., mean and 

standard deviation values) vary. After the 

consideration of tolerances on the geometric 

properties, the outgoing mean value increases 

and the outgoing standard deviation decreases.  

- The outgoing distribution of the effective depth d 

after conformity control assessment introduces a 

positive effect on the reliability index 𝛽 of the 

structural component under investigation. The 
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highest gains were attained for a slab height of 

150 mm with a 𝛽 −value increasing around 9.4 % 

after passing the conformity control assessment. 

- These results suggest that additional gains might 

be attained when the combined effects of quality 

control (either on other geometric properties and/ 

or on other properties) are included in the 

structural safety assessment.  

- Additionally, the proposed approach can be 

utilised to compare different sampling plans and 

conformity control criteria with respect to their 

effect on structural reliability. 

- The results of this investigation highlight the 

potential of quality control for structural reliability 

optimisations in early design stages, where 

reduced partial safety factors can enable the 

utilisation of safety reserves without 

compromising the target reliability levels 

established in modern structural codes. With such 

optimisation mindset, material and resources 

efficiencies can be potentially attained alongside 

environmental and economic benefits. 

Future work shall include a wider range of sampling plans 

and conformity control criteria applied to distinct 

geometric characteristics. Note that, for example, the 

precast sector is known for having stringent quality control 

requirements specifically tailored to each component type. 

Other failure mechanisms can also be considered. 

Additionally, application of the OC curves to other basic 

variables could be evaluated alongside their influence on 

structural safety and on aspects of structural durability. 

Finally, the influence of autocorrelation between 

consecutive measurements can be included in the analysis 

and investigated as recommended in [9]. 
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