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ABSTRACT 

In high-value and safety-critical manufacturing contexts (e.g., aerospace, nuclear and defense sectors), reliable and robust 
conformity assessment of production lots is imperative. While 100% inspection by a single inspector may seem like a solution 
for this purpose, it can be prone to human error, which can distort lot acceptance decisions. This study investigates whether 
a multiple-inspector sampling inspection—that is, an inspection limited to a portion of the lot but conducted by a plurality 
of independent inspectors—can outperform a 100% inspection by a single inspector, in these contexts. Operating-characteristic 
(OC) curve models were developed for both approaches, taking inspection errors into account and comparing their performance 
through analytical formulations and realistic examples. To simplify the analysis, this contribution focuses on sampling inspections 
based on single sampling plans (SSPs). Results demonstrate that incorporating multiple independent inspectors into a SSP can 
significantly stabilize the OC curve, maintaining lot-acceptance behaviour close to the ideal error-free scenario. Moreover, the 
multiple-inspector sampling strategy tends to reduce the total number of inspections needed, compared to 100% inspection, 
especially for moderate numbers of inspectors. In conclusion, these findings suggest that multiple-inspector sampling is a practical 
and effective way to obtain robust lot-acceptance decisions, protecting them from inspection-error distortions. 
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 Introduction 

n several high-value, safety-critical and highly customised
anufacturing contexts (e.g., aerospace/defense parts, nuclear,
aute couture and luxury goods), reliable conformity assessments
f production lots are a must. Unfortunately, inspections—
specially visual or manual ones—are sometimes subject to
uman errors by inspectors (i.e., all inspectors evaluate the same
ample), thus leading to distorted final lot-disposition decisions
LDDs). Multiple-inspector sampling plans have emerged as a
ractical way to increase the reliability of conformity assessment:
 sample of units drawn from a lot is inspected independently
y multiple inspectors and then individual assessments are
ggregated into a final LDD [ 1, 2 ]. Parallel inspections are often
his is an open access article under the terms of the Creative Commons Attribution Licen
riginal work is properly cited. 
2026 The Author(s). Quality and Reliability Engineering International published by Joh

uality and Reliability Engineering International , 2026; 42:3736–3749 
ttps://doi.org/10.1002/qre.70291
required where the potential critical issues and reputational risk
associated with producing nonconforming products are high [ 3,
4 ]. Moreover, prior studies and industrial practice indicate that
redundant human inspections can strengthen the reliability of
LDDs in practical contexts where single-inspector accuracy is
uncertain [ 5, 6 ]. 

A key motivation for multiple-inspector sampling plans is the
intrinsic variability of inspectors’ conformity assessments, which
is related to factors such as experience, training, attention,
subjectivity in judgements and familiarity with product models
(which are often subject to change). Redundant, independent
assessments on the same sample can not only mitigate subjectiv-
ity but also reveal misalignment among inspectors and monitor
se, which permits use, distribution and reproduction in any medium, provided the 
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FIGURE 1 Step-shaped OC curve characterizing the (ideal) case of 
100% inspection with no inspection errors. This specific OC curve is con- 
structed for a lot of N = 140 units, with an acceptance number of defectives 
D* = 20; corresponding to a defectiveness of p* = D* / N = 20/140 ≈ 14.3% 

(at the ‘step’ of the OC curve), which is the maximum tolerated for lot 
acceptance. To facilitate readability, the horizontal axis includes a dual 
scale in terms of both D and p . 
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he internal consistency of the inspection process; these insights
nable targeted training and better governance of the whole
nspection process [ 7, 8, 2 ]. 

hen conformity assessment is not error-free, each inspector
ay commit two primary error types in inspections [ 9 ]: false
onforming (i.e., misclassifying a defective unit as conforming)
nd false defective (i.e., misclassifying a conforming unit as
efective). Consequently, the lot defectiveness1 as perceived by
n inspector can appear distorted, with implications for the
esulting LDD [ 10–12 ]. Inspection errors generally tend to flatten
he OC curve —that is, the graph of lot acceptance probability
 Pa ) as a function of lot defectiveness ( p )—thereby distorting its
iscriminatory power [ 9, 13, 14 ]. 

his paper builds on a previous contribution on OC curves for
ultiple-inspector single sampling plans (SSPs) with inspection
rrors, which provided rigorous Type-A ( hypergeometric ) and
ype-B ( binomial ) formulations of the OC curves [ 2 ]. That
ontribution analysed how the criteria and sequences for
ggregating individual inspectors’ conformity assessments and
he associated inspection errors can shape the OC curves. A
ey finding was the relative robustness provided by aggregating
onformity assessments using the majority criterion, which
eeps the OC curve close to what it would be in the ideal case of
o inspection errors. By contrast, using a unanimity aggregation
riterion yields OC curves that are excessively severe unless error
ates are negligible [ 8, 15 ]. 

uilding on that framework, the present study addresses a natural
ut under-appreciated research question ( RQ0 ): How does a
ultiple-inspector sampling plan—which involves inspecting
nly a portion of the lot with multiple inspectors—compare with
 100% inspection carried out by a single inspector on the entire
ot? Intuition might suggest that 100% inspection of an entire lot
y one inspector should dominate any sampling plan. However,
n realistic settings where the single inspector is error-prone, a
00% inspection does not guarantee better lot protection and,
nstead, can produce systematic distortions in LDDs. Conversely,
ampling the lot with multiple inspectors can provide (i) A more
table OC curve (with a more controllable protection level), and
ii) Substantial savings in total inspection effort [ 8, 16, 13 ]. 

n an ideal 100% lot inspection by a single inspector (with no
nspection errors), the OC curve would be ‘step-shaped’ [ 9 ]: below
 certain threshold D* —corresponding to the maximum tolerated
umber of defectives, as discussed later—the lot is determinis-
ically accepted (i.e., Pa = 100%), and above that threshold it is
eterministically rejected (i.e., Pa = 0%). Translating this into a
ormula: 

𝑃𝑎 =
{ 

10 ( acceptance ) if ≤ 𝐷 

0 ( rejection ) if 𝐷 > 𝐷

here D is the number of defective units in the entire lot, which
onsists of N units. Figure 1 illustrates the ideal step-shaped
C curve, which is used throughout the rest of the paper as a
eference to quantify the distorting effect of inspection errors
uality and Reliability Engineering International, 2026
∗ or 0 ≤ 𝑝 ≤ 𝑝∗ , 

𝑝 > 𝑝∗ , 
being 𝑝∗ = 𝐷∗ 

𝑁 

, (1)

and to motivate the multiple-inspector approach. Because 𝐷 ∈

{0 , 1 , 2 , . . . , 𝑁 } (being 𝐷 ∈ ℕ0 ) and consequently 𝑝 = 𝐷∕𝑁 also
takes discrete values, the OC curve is inherently discrete rather
than continuous. For graph readability reasons, however, it is
plotted as a continuous curve. 

Inspection errors can modify this ideal OC curve in an uncon-
trolled way, as will be shown later. In contrast, this research
will evaluate the effectiveness of the multiple-inspector approach
in mitigating inspection-error effects. As hinted by the title of
this article, the underlying hypothesis is that multiple-inspector
sampling can outperform single-inspector 100% lot inspection, in
both (i) Control of the protection level and (ii) Inspection effort,
especially when inspection errors are non-negligible or uncertain
[ 8, 9, 13, 14 ]. Based on these preliminary considerations, RQ0 can
be broken down into three more specific research questions that
are formulated to guide this study: 

RQ1 : Between 100% lot inspection by a single inspector and a
multiple-inspector sampling plan, which approach ensures
a better protection, in the presence of inspection errors? 

RQ2 : How do the number of inspectors and their individual
error rates influence the OC curve in a multiple-inspector
sampling plan? 

RQ3 : From the perspective of inspection effort, which of the
two approaches is more advantageous? 

The remainder of the article is organised into five sections.
Section 2 formalizes OC-curve models for a single-inspector 100%
3737 of 3749
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ot inspection, under ideal and error-prone conditions. Section 3
ecalls the formulation of the OC curve for a multiple-inspector
ampling plan with inspection errors; to simplify the description,
he analysis is limited to SSPs. Section 4 presents a quantitative
omparison between the two approaches, based on a realistic
xample that explores the impact of (i) The magnitude of inspec-
ion errors ( low vs. high ) and (ii) The number of inspectors m .
ection 5 discusses implications, limitations and future research
irections. Finally, the appendix contains additional material for
urther study of the analysis carried out. 

 Modelling the Single-Inspector 100% Lot 
nspection 

s shown by Figure 1 , in the ideal case of 100% inspection by a
ingle inspector who makes no inspection errors, the OC curve is
 step-shaped function: the lot is accepted if and only if D does not
xceed a conventional threshold D* , which is generally pre-agreed
etween supplier and customer (see the LDD in Equation 1 ).
ssuming that the lot includes N total units, this is equivalent to
tating that p must not exceed a certain threshold; in the example
f Figure 1 , with N = 140 and D* = 20, this threshold corresponds
o: 

𝑝∗ = 𝐷∗ 

𝑁 

= 20 

140 
≈ 14 . 3% (2)

et us now consider the more realistic case of a single inspector
ho makes inspection errors. In this case as well, the inspector
ust inspect a lot of N units, containing D defective units (a
uantity generally unknown to the inspector); the remaining
 𝑁 − 𝐷) units are conforming. After inspecting each unit, the
nspector classifies it as conforming or defective. During the
nspection, the inspector can make the following two types of
rrors, with associated probabilities (or error rates): 

∙ a is the probability of misclassifying a conforming unit as
defective; 

∙ b is the probability of misclassifying a defective unit as
conforming. 

pplying the LDD rule of Equation 1 , the count of D can
e distorted by the errors a and b . Two independent random
ariables are defined: 

∙ 𝐷′
1 is the number of ‘true’ defectives (i.e., truly defective units

in the lot) that the inspector correctly classifies as defective.
Since the lot contains D defectives and the probability of
correctly classifying each of them as defective is ( 1 − 𝑏), 𝐷′

1

follows a binomial distribution: 

𝐷
′

1 ∼ 𝐵𝑖𝑛 ( 𝐷, 1 − 𝑏 ) ; (3)

∙ 𝐷′
2 is the number of ‘false’ defectives among the ( 𝑁 − 𝐷)

true conforming units (i.e., the number of conforming units
misclassified as defective). The probability of misclassifying a
conforming unit as defective is a , so: 

𝐷
′

2 ∼ 𝐵𝑖𝑛 ( 𝑁 − 𝐷, 𝑎 ) . (4)
738 of 3749
The total ‘apparent’ number of defectives in the inspector’s view
is then: 

𝐷′ = 𝐷
′

1 + 𝐷
′

2 . (5)

The adjective ‘apparent’ emphasises the fact that the inspector’s
classification of defectives may be distorted by the error rates ( a
and b ). Since D ′ is obtained by summing two variables with bino-
mial distributions and different probabilities, it will be a discrete
variable with a specific probability distribution [ 15 ]. Precisely,
assuming that 𝐷′

1 and 𝐷
′
2 are independent, the distribution of 𝐷

′ is
the convolution of the two binomial distributions in Equations 3
and 4 , which will be discussed later [ 15 ]. The lot is accepted if
the ‘apparent’ number of defectives 𝐷′ is less than or equal to the
threshold D* . In that case, the lot acceptance probability can be
expressed as: 

𝑃𝑎 = P ( 𝐷′
≤ 𝐷∗ |𝐷 ) =

𝐷∗ ∑
𝐷′= 0 

P ( 𝐷′) , (6)

Which is the probability of identifying 𝐷′
≤ 𝐷∗ (apparent) defec-

tives; given that the lot contains D true defectives (see the notation
‘| D ’ in the second term of Equation 6 ). The term P(𝐷′) , within
the summation in the right-hand side of the equation, is the
probability that the inspector identifies exactly 𝐷′ defectives and
can be calculated via the following convolution [ 15 ]: 

P ( 𝐷′) =
∑
𝑗 

[
P
(
𝐷

′

1 = 𝑗 
)]
⋅
[
P
(
𝐷

′

2 = 𝐷′ − 𝑗 
)]
, (7)

where: 

∙ j is a dummy discrete variable belonging to the set N, which
describes the number of true defectives (among the D truly
present in the lot) that are correctly classified as such; 

∙ ( 𝐷′ − 𝑗) is the number of units, among the ( 𝑁 − 𝐷) truly
conforming units in the lot that are incorrectly classified as
defective. 

In a nutshell, Equation 7 states that, in order to compute the
probability of observing 𝐷′ ‘apparent’ defectives, all possible
combinations of correctly identified (true) defectives (i.e., 𝐷′

1 ) and
incorrectly identified defectives (i.e., false defectives, 𝐷′

2 ) must be
considered. The terms 𝐷′

1 and 𝐷
′
2 are in fact additive components

whose sum equals 𝐷′. Referring to the above binomial distribu-
tions of 𝐷′

1 and 𝐷
′
2 (cf. Equations 3 and 4 ), Equation 7 can be

expanded as: 

P ( 𝐷′) =
min { 𝐷′, 𝐷 } ∑

𝑗=max { 0 , 𝐷′−( 𝑁− 𝐷 ) } 

{ [ ( 

𝐷 

𝑗 

) 

⋅ ( 1 − 𝑏 ) 
𝑗 
⋅ 𝑏𝐷− 𝑗 

] 

⋅

[ ( 

𝑁 − 𝐷 

𝐷′ − 𝑗 

) 

⋅ 𝑎( 𝐷
′− 𝑗 ) ⋅ ( 1 − 𝑎 ) 

( 𝑁− 𝐷 ) −( 𝐷′− 𝑗 ) 
] } 

. (8)

Let us focus on the extremes of the summation in Equation 8 . The
dummy variable j indicates how many of the D truly defectives are
correctly classified as such. Since, by definition, j cannot exceed
D , it follows that j ≤ D . Furthermore, the quantity ( 𝐷′ − 𝑗) counts
how many of the ( 𝑁 − 𝐷) truly conforming units are misclassified
as defective; thus, the additional constraint ( 𝐷′ − 𝑗) ≤ ( 𝑁 − 𝐷)
Quality and Reliability Engineering International, 2026
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olds. Furthermore, neither j nor ( 𝐷′ − 𝑗) can be negative. All
he above constraints result in: 0 ≤ j ≤ D and 0 ≤ ( 𝐷′ − 𝑗) ≤
 𝑁 − 𝐷); in particular, the second condition implies: j ≤ 𝐷′ and
 ≥ 𝐷′− ( 𝑁 − 𝐷) . Combining these constraints, we obtain the
xpressions j ≥ max {0, 𝐷′− ( 𝑁 − 𝐷) }, which corresponds to the
ower index, and j ≤ min( 𝐷′, D ), which corresponds to the upper
ndex of the summation in Equation 8 . 

nserting Equation 8 into Equation 6 leads to the new expression
or Pa : 

𝑃𝑎 =
𝐷∗ ∑
𝐷′= 0 

min { 𝐷′, 𝐷 } ∑
𝑗=max { 0 , 𝐷′−( 𝑁− 𝐷 ) } 

{ [ ( 

𝐷 

𝑗 

) 

⋅ ( 1 − 𝑏 ) 
𝑗 
⋅ 𝑏𝐷− 𝑗 

] 

⋅

[ ( 

𝑁 − 𝐷 

𝐷′ − 𝑗 

) 

⋅ 𝑎( 𝐷
′− 𝑗 ) ⋅ ( 1 − 𝑎 ) 

( 𝑁− 𝐷 ) −( 𝐷′− 𝑗 ) 
] } 

. (9)

he model in Equation 9 is consistent with the formulation of the
tep-shaped OC curve (cf. Equation 1 and Figure 1 ). Specifically,
quation 9 reduces to Equation 1 when a = b = 0, which implies
′
1 = 𝐷 and 𝐷′

2 = 0 , and hence 𝐷′ = 𝐷′
1 + 𝐷′

2 = 𝐷 ; consequently,
𝑎 (0 ≤ 𝐷 ≤ 𝐷∗ ) = 1 and 𝑃𝑎 (𝐷∗ 

< 𝐷 ≤ 𝑁 ) = 0 . Conversely, if a
nd b approach 1, the OC curve becomes the mirror image of
he ideal step-shaped function, because conforming units and
efective units are systematically swapped. In the latter extreme
ase, the inspector perceives an ‘apparent’ defectiveness that is
omplementary to the true one: That is, 𝑝′ = 1 − 𝑝. 

et us now try to generalise the concept of apparent defectiveness.
onsistent with Equation 5 , the expected value of 𝐷′ can be
efined as the sum of the expected number of true defectives
[𝐷′

1 ] = 𝐷 ⋅ (1 − 𝑏 ) and the expected number of false defectives
[𝐷′

2 ] = (𝑁 − 𝐷 ) · 𝑎 identified by the inspector. Therefore: 

E [ 𝐷′] = E
[
𝐷′
1 

]
+ 𝔼

[
𝐷′
2 

]
= 𝐷 ⋅ ( 1 − 𝑏 ) + ( 𝑁 − 𝐷 ) ⋅ 𝑎. (10)

orrespondingly, a general expression of the apparent defective-
ess can be obtained as: 

𝑝′ = 𝐸 [ 𝑝′] =
𝔼 [ 𝐷′] 

𝑁 

= 𝐷 

𝑁 

⋅ ( 1 − 𝑏 ) 

+
( 

𝑁 

𝑁 

− 𝐷 

𝑁 

) 

⋅ 𝑎 = 𝑝 ⋅ ( 1 − 𝑏 ) + ( 1 − 𝑝 ) ⋅ 𝑎. (11)

quation 10 shows that the true defectiveness ( p ) can be distorted
hrough the ‘subjective’ lens’ of inspection errors ( a and b ). 

eturning to 𝑃𝑎 in Equation 9 , let us analyse its behaviour by
valuating the effect of error rates a and b . Figure 2 exemplifies six
ases, plotting the OC curve ( Pa vs. p = D / N ) for six corresponding
 a , b ) configurations, and overlaying the ideal step-shaped OC
urve (with no errors) as a plotted-line reference (from Figure 1 ).
he cases shown are discussed as follows: (1) with modest error
ates ( a = 5%, b = 2%) the OC curve already deviates visibly from
he ideal one; (2) the predominant effect of b = 15% raises the right-
and side of the curve, implying more acceptance of truly bad lots;
3) the relatively high value of a = 17% lowers the left-hand side,
mplying more rejection of truly good lots; (4) a = 20% (further
ncrease) continues to lower the left side; (5) b = 90% (extremely
igh) greatly raises the right side (many bad lots accepted); and (6)
uality and Reliability Engineering International, 2026
when both error rates are extreme ( ∼ 100%), the OC curve appears
as the mirror image of the ideal step-shaped curve (dotted line). 

The above examples highlight the typical effects of a and b .
While a depresses the OC curve at relatively low p values (lots
are more likely to be rejected because several conforming units
are mistakenly classified as defectives), b elevates the OC curve
at relatively high p values (lots are more likely to be accepted
because some truly defective units are missed). The combination
of a and b therefore encodes a tendency toward severity at low p
values versus leniency at high p values. These examples also show
that occasional drifts in a and b (due to possible inconsistencies
in inspector skill, training, attention, fatigue, familiarity with
the product, etc.) can make the OC curve unstable, producing
uncontrolled oscillations in the actual severity/protection level
relative to the ideal case (with no errors). This aspect can be very
detrimental in practice as it can distort LDDs. 

3 Modelling the Multiple-Inspector SSP 

The discussion now moves from 100% inspection to sampling
inspection via a SSP. In the ideal scenario of no inspection errors,
the OC curve of a SSP can be derived from classical acceptance
sampling theory [ 9 ]. The classical SSP’s LDD is that, after drawing
a sample of n units from a lot of N units, the number ( d ) of
defective (or nonconforming) units is counted. If d ≤ c , the entire
lot is accepted ( pass ); otherwise, it is rejected ( fail ) [ 13 ]. SSPs are
also codified in international standards, such as ISO 2859-1:2026
[ 19 ]. 

For simplicity, the present work is restricted to the so-called Type-
B OC curves, whose construction assumes that the sample is
drawn from a large lot (i.e., n ≪ N or n/N ≤ 0.1) or, equivalently,
from a train of lots randomly selected from a relatively stable
process. Under these conditions, the hypergeometric distribution
of defectives can be approximated by a binomial distribution [ 9 ].
Thus, for a SSP with parameters n and c , the lot acceptance
probability is: 

𝑃𝑎 =
𝑐 ∑

𝑑= 0 

( 

𝑛 

𝑑 

) 

⋅ 𝑝𝑑 ⋅ ( 1 − 𝑝 ) 
𝑛− 𝑑 

. (12)

Figure 3 exemplifies the OC curve for a SSP with parameters
N = 140, n = 14 and c = 1, constructed using Equation 12 . These
parameters were chosen such that the threshold defectiveness
p* = 20/140 ≈ 14.3%, which corresponds to the ‘knee’ of the ideal
step-shaped OC curve in Figure 1 , lies roughly midway between
an acceptable quality level AQL = 4% and a lot tolerance percent
defective LTPD = 24.5%2 . Under this design, the corresponding
producer’s risk ( α) and consumer’s risk ( β) are approximately
10.6% and 10.8%, respectively. The solid line in Figure 3 represents
the OC curve of this single-inspector SSP with no errors and
the dashed line shows the ideal 100% inspection OC curve from
Figure 1 . Both curves correspond to a single-inspector, error-free
scenario. 

Let us now consider a multiple-inspector scenario where m inspec-
tors independently inspect the same n sample units in parallel.
The conformity assessments on each unit can be organised in
a conformity-assessmen t matrix [ 8 ]: each row corresponds to an
3739 of 3749



FIGURE 2 Effect of inspection-error rates on OC curves for a single-inspector 100% inspection, with N = 140 and D* = 20. For six combinations of 
a and b , the OC curves are obtained using the model in Equation 9 . The parameters a and b were varied within very wide ranges to make their effects 
more visible. For greater generality, the horizontal axes of the curves show p = D / N ; furthermore, the horizontal axis of the top three plots is truncated 
at p = 0.4, for more clarity. In each of the six plots, the ideal step-shaped OC curve (with no errors) is shown as a dotted line for reference (cf. Equation 1 
and Figure 1 ). 
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3

nspector ( i1 , i2 , . . . , im ) and each column to a sample unit ( u1 , u2 ,
 . . , un ). An entry in this matrix is marked as ‘ ✓’, if inspector i
lassifies unit j as conforming, or ‘ ✗’, if deemed defective (see the
xample in Figure 4 ). 

o reach a final LDD from this matrix, a two-stage aggregation
s performed [ 2 ]. First, the m assessments for each unit (in a
pecific column of the matrix) are consolidated into a single global
lassification for that unit (column-wise aggregation). Then, the
esulting n global classifications are evaluated against the usual
 n , c ) SSP’s LDD, to decide whether the lot is accepted or rejected
row-wise aggregation). The recent contribution by Maisano et al.
 2 ] also considers an alternative two-stage aggregation, first by
ows and then by column, which will not be recalled here, in order
o keep the discussion concise. 

eturning to the two-stage aggregation initially described (i.e.,
irst by columns and then by row), in this study, a majority
riterion is assumed for the column-wise aggregation, since it
rovides a relatively robust OC curve even in the presence
f inspector errors [ 2 ]. Under the majority criterion, a unit is
onsidered to be conforming at a global level (i.e., ‘ ✓’), if at
740 of 3749
least 

𝑞 = ⌊𝑚 

2 
⌋ + 1 (13)

Of the m inspectors classify it as conforming ( pass ). For example,
with m = 5 inspectors, a majority requires q = 3, so a unit yielding
the column [ ✓, ✓, ✓, ✗, ✗]T from the five inspectors would result
in a global conformity assessment of ‘ ✓’. By contrast, a unanimity
rule, requiring all inspectors to agree, is much more stringent [ 8 ].
Figure 5 exemplifies an aggregation by columns of the conformity
assessments from five inspectors ( i1 to i5 ) for three product units
( u1 –u3 ), using the majority criterion. 

A recent study by Maisano et al. [ 2 ] modelled the OC curves
for the multiple-inspector SSP case, considering different com-
binations of aggregation sequence ( columns-first or rows-first ),
column-wise criterion ( majority or unanimity ) and statistical
model type (Type-A or Type-B). It should be reiterated that, for
simplicity, the present study focuses exclusively on the case of
columns-first aggregation with majority criterion and a Type-B
model, as this case reflects a relatively common practical scenario
Quality and Reliability Engineering International, 2026



FIGURE 3 The solid line represents the Type-B OC curve for a 
SSP with parameters n = 14 and c = 1. This SSP was designed such 
that p* ≈ 14.3% (the ‘knee’ of the ideal step-shaped OC curve for 100% 

inspection; dashed line from Figure 1 ) lies roughly midway between an 
AQL of 4% and an LTPD of 24.5%, yielding corresponding producer’s and 
consumer’s risks of about 10.6% and 10.8%, respectively. In other words, 
the chosen SSP is characterised by an OC curve that ensures a protection 
level and/or severity in line with the ideal step-shape OC curve of 100% 

inspection (cf. Figure 1 ). 
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or multiple-inspector SSPs [ 8, 18, 20 ]. The OC curve can be
odelled by the expression: 

𝑃𝑎 =
𝑐 ∑

𝑑= 0 

( 

𝑛 

𝑑 

) 

⋅ [ 𝑝′] 
𝑑 
⋅ [ 1 − 𝑝′] 

𝑛− 𝑑 
, (14)

hich has the same form as that of an ideal SSP (cf. Equation 12 ),
ut uses a multiple-inspector apparent defectiveness p ′ in place
f the true defectiveness p . In analogy with the description in
ect. 2 which led to the formulation of Equation 11 , the term p ′
an be expressed as a function of two aggregated error rates ( aagg
nd bagg ), for a single (fictitious) ‘aggregate’ inspector: 

𝑝′ =
(
1 − 𝑏agg 

)
⋅ 𝑝 + 𝑎agg ⋅ ( 1 − 𝑝 ) . (15)

he parameters aagg and bagg can be interpreted as the char-
cteristic error rates of a hypothetical ‘aggregate’ inspector,
hose conformity assessments result from the aggregation of
he individual inspectors’ assessments by majority . The term p ′
s thus a distorted version of the true p , as perceived by the
ypothetical ‘aggregate’ inspector; this distortion is driven by the
ombination of the individual inspectors’ error rates into the
ggregated parameters aagg and bagg (as described in detail below).
igure 6 highlights this distortion, showing the linear relationship
f p ′ as a function of p , and illustrating the effect of aagg and bagg .
wo extreme cases are worth noting: 

∙ If aagg = bagg = 0 (resulting from zero inspection errors by
any inspector, as shown later), then Equation 15 determines
a complete correspondence between p ′ and p , that is, the
bisector of the p-p ′ plane, p ′ = p ; 
uality and Reliability Engineering International, 2026
∙ If aagg = bagg = 1 (all inspectors make the maximum possible
errors, as shown later), then Equation 15 determines 𝑝′ = 1 −
𝑝, which corresponds to a line perpendicular to the bisector of
the p-p ′ plane (see the dotted line in Figure 6 ). 

Note that the model of Equation 15 is valid only for the case
of aggregation sequence columns-first with the column-wise
aggregation criterion based on majority and Type-B OC curves.
For a more general description including other possible cases, see
Maisano et al. [ 2 ]. 

Let us now turn attention to the formulation of aagg and bagg as
functions of the individual inspectors’ error rates: 

∙ ai denotes the probability that the i -th inspector erroneously
classifies a truly conforming unit as defective (i.e., false-
defective error rate). Equivalently, ( 1 − 𝑎𝑖 ) is the probability
of correctly classifying a conforming unit. 

∙ bi is the probability that the i -th inspector misclassifies a
truly defective unit as conforming (i.e., false-conforming error
rate). Equivalently, ( 1 − 𝑏𝑖 ) is the probability of correctly
classifying a defective unit. 

In practice, the individual error rates ai and bi can vary from
inspector to inspector, are often hard to estimate and may vary
over time, due to factors such as differences in training and
experience, fatigue, inherent subjectivity of certain inspections,
etc. [ 8, 2 ]. 

Let us return to the aggregated error parameters aagg and bagg 
introduced in Equation 15 . The parameter aagg is formally defined
as the probability that a conforming unit is misclassified as
defective by the majority of the group of m inspectors. Similarly,
bagg is the probability that a defective unit is misclassified as
conforming by the majority of the m inspectors. Mathematically,
these probabilities are obtained by summing over all combina-
tions of inspectors that meet the majority condition. In particular,
the probability that a truly conforming unit will be correctly
classified as such by the majority of inspectors is: 

1 − 𝑎agg =
∑𝑚 

𝑠= 𝑞 

⎧ ⎪ ⎨ ⎪ ⎩ 

∑
𝐴 ⊆ { 1 , . . . , 𝑚 } |𝐴| = 𝑠 

[ ∏
𝑖∈𝐴 

( 1 − 𝑎𝑖 ) 

] 
⋅

[ ∏
𝑖∉𝐴 

𝑎𝑖 

] ⎫ ⎪ ⎬ ⎪ ⎭ 

, 

from which 

𝑎agg = 1 −
∑𝑚 

𝑠= 𝑞 

⎧ ⎪ ⎨ ⎪ ⎩ 

∑
𝐴 ⊆ { 1 , . . . , 𝑚 } |𝐴| = 𝑠 

[ ∏
𝑖∈𝐴 

( 1 − 𝑎𝑖 ) 

] 
⋅

[ ∏
𝑖∉𝐴 

𝑎𝑖 

] ⎫ ⎪ ⎬ ⎪ ⎭ 

, 

(16)
Where s is the size of a subset A of inspectors who correctly
classify the unit (‘ ✓’), while the remaining ( 𝑚 − 𝑠) inspectors not
in A misclassify it (‘ ✗’). To enumerate all combinations where q
≤ s ≤ m , a contingency table can be constructed. For example, if
m = 5 and q = 3, Table 1 shows all possible combinations in which
at least 3 of 5 inspectors (i.e., 3, 4 or 5) fulfil a given condition (i.e.,
classifying a unit as conforming, in this case). 
3741 of 3749



FIGURE 4 (1) Conceptual scheme of a conformity-assessment matrix with aggregation sequence columns - first , to produce a final LDD for the lot 
[ 8 ]. Specifically, the local conformity assessments for each product unit are aggregated by column into a global conformity assessment ( 2 ) Using the 
majority criterion. Then, the global assessments by the inspectors are aggregated by row ( 3 ) Using the classic SSP’s LDD logic, yielding a final LDD. 

TABLE 1 Example of a contingency table for m = 5 inspectors, covering all possible combinations in which at least q = 3 inspectors fulfill a given 
condition (e.g., classifying a unit as conforming or defective). ‘Y’ and ‘N’ respectively indicate that the condition is fulfilled or not fulfilled for a given 
inspector. 

Inspector 1 Inspector 2 Inspector 3 Inspector 4 Inspector 5 S = | A | 

Y Y Y N N 3 
Y Y N Y N 3 
Y Y N N Y 3 
Y N Y Y N 3 
Y N Y N Y 3 
Y N N Y Y 3 
N Y Y Y N 3 
N Y Y N Y 3 
N Y N Y Y 3 
N N Y Y Y 3 
Y Y Y Y N 4 
Y Y Y N Y 4 
Y Y N Y Y 4 
Y N Y Y Y 4 
N Y Y Y Y 4 
Y Y Y Y Y 5 

3
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FIGURE 5 Example of aggregation by column of the conformity 
assessments from five inspectors ( i1 –i5 ) for three product units ( u1 –u3 ), 
using the majority criterion. 

FIGURE 6 Graphical representation of the relationship in Equa- 
tion 15 , assuming inspections are carried out by m inspectors with 
error rates ai and bi (with i = 1, 2, . . . , m ), which are aggregated into 
corresponding aagg and bagg parameters (cf. Equations 16 and 17 ). While 
aagg tends to inflate p ′ with respect to p (graphically, it sets the starting 
point of the linear function at p = 0), bagg tends to reduce p ′ with respect 
to p (graphically, it sets the ending point of the linear function at p = 1). 
The grey shaded area highlights the deviation of p ′ from the ideal no-error 
case (where ai = bi = 0 for all inspectors, yielding aagg = bagg = 0 and thus 
p ′ = p , which corresponds to the bisector of the p - p’ plane). 
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Similarly, the probability that a truly defective unit will be
misclassified as conforming by the majority of inspectors is: 

𝑏agg =
𝑚 ∑
𝑠= 𝑞 

⎧ ⎪ ⎪ ⎪ ⎨ ⎪ ⎪ ⎪ ⎩ 

∑
𝐴 ⊆ { 1 , . . . , 𝑚 } |𝐴| = 𝑠 

[ ∏
𝑖∈𝐴 

𝑏𝑖 

] 

⋅

[ ∏
𝑖∉𝐴 

( 1 − 𝑏𝑖 ) 

] 

⎫ ⎪ ⎪ ⎪ ⎬ ⎪ ⎪ ⎪ ⎭ 

, (17)

s being, in this other case, the numerosity of the subset A of
inspectors who misclassify the defective unit as conforming (‘ ✓’)
and q being an imposed threshold for the previous parameter (cf.
Equation 13 ). Contingency Table 1 can be used again to define all
possible combinations in which q ≤ s ≤ m . It is easily verified that
if ai = 0 and bi = 0 ∀i , then from Equations 16 and 17 it is obtained
that aagg = bagg = 0 and from Equation 15 that p ′ = p . In this ideal
case of zero inspection errors, the multiple-inspector model in
Equation 14 collapses to the ideal SSP case of Equation 12 . 

4 Empirical Comparison 

To investigate the effect of the number of inspectors and their
error rates ( ai and bi , for i = 1, 2, . . . , m ) on the OC curve of a SSP, a
realistic example featuring seven hypothetical inspectors ( i1 –i7 ) in
two different error-rate scenarios is considered (see Table 2 ). The
low-error-rate ( L ) scenario assumes highly experienced inspec-
tors with a certain familiarity with the inspected units, while
the high-error-rate ( H ) scenario assumes partially experienced
inspectors with low familiarity. The ai and bi values for L scenario
were randomly generated from a normal distribution with μ= 4%
and σ = 2%. This choice was guided by empirical data from
scientific literature; for example, the scientific literature reports
typical inspector error probabilities on the order of a few percent
for a rates and slightly higher percentages, for b rates [ 17, 21 ].
On the other hand, the error rates in the H scenario were
randomly generated from a normal distribution with μ= 18% and
σ = 4%. These other values are deliberately very large, probably
exaggerated, in order to perform a sort of ‘stress test’ of the
multiple-inspector SSP model under extreme conditions. The
seven inspectors are further grouped into subsets of sizes m = 3,
5 and 7, which will be used to study the effect of parameter m3 . 

4.1 Aggregated Error Rates ( aagg and bagg ) 

Using the data in Table 2 , the aggregated error rates aagg and
bagg were computed for the multiple-inspector SSP as a function
of the number of inspectors m . Applying Equations 16 and 17
to the inspectors’ ai and bi values yields aagg and bagg for each
considered value of m . Figure 7 illustrates how these aggregated
error rates decrease as m increases, for both the L and H scenarios
(the numerical values are also provided in the tables below the
respective plots). 

The decrease in aagg and bagg with increasing m appears as a
convex downward, hinting at an asymptotic trend: as m grows,
the aggregated error rates approach zero, converging toward the
ideal case of error-free inspections, with p ′ approaching p (cf.
3743 of 3749



TABLE 2 Error rates ( ai and bi ) of seven hypothetical inspectors ( i1 –i7 ) across two error-rate scenarios: L scenario, assuming that inspectors have 
great familiarity with the inspected units, and H scenario, assuming that inspectors have only partial familiarity. Inspectors are grouped into three sets 
of size m = 3, 5 and 7. 

Inspector L scenario H scenario
ai bi ai bi

i1 5.3% 2.6% 17.4% 13.2%

i2 4.3% 4.2% 13.4% 23.0%

i3 6.5% 6.0% 14.1% 16.8%

i4 5.5% 3.6% 13.6% 22.9%

i5 2.9% 4.7% 13.2% 19.7%

i6 4.1% 2.4% 15.5% 21.3%

i7 3.1% 3.0% 25.5% 15.6%

group of m=3 inspectors

group of m=5 inspectors

group of m=7 inspectors

FIGURE 7 Effect of the number of inspectors ( m ) in terms of reduction in aagg and bagg , considering the two error-rate scenarios ( H and L ). The 
tables below show the numerical values plotted. 
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quation 15 ). In the L scenario, the benefit of even a relatively
mall group of inspectors is evident: with m = 3 inspectors, the
ggregated error rates are already reduced to under 1%, despite
ndividual inspectors in this scenario having error rates on the
rder of 4%–6%. Increasing to m = 5 and 7 drives aagg and
agg down to essentially negligible levels. In other words, for
nspectors who are fairly accurate, having a group of m = 3 or
ore yields an almost error-free overall inspection outcome. 

ven in H scenario, a substantial reduction in aggregated error
ates can be observed as m increases. With m = 3, starting
rom individual error rates in the tens of percent (see Table 2 ),
he aggregated error probabilities drop by about one order of
agnitude, reaching only a few percent. With m = 5 or m = 7,
he aggregated errors become even smaller and negligible. This
einforces the hypothesis that the redundancy of inspections has
 strong positive effect in reducing the distortions caused by
nspection errors. 
744 of 3749
4.2 OC Curve Performance 

Figure 8 shows the OC curves for the multiple-inspector SSP
under varying conditions: two error scenarios ( L in the top row, H
in the bottom row) and different numbers of inspectors ( m = 3, 5, 7
in the columns). In each plot, the solid line is the actual OC curve
with inspector errors and the dashed line is the ideal OC curve
(with no errors), shown for comparison. These OC curves were
constructed using the analytical model derived in Equations 14–17
for a multiple-inspector SSP with inspection errors. The complete
equation of Pa as a function of p is given in Appendix A.1 . 

As expected, the multiple-inspector OC curves converge toward
the ideal OC curve as m increases or as error rates reduce. In
fact, under the L scenario, the OC curve with m = 3 is practically
indistinguishable from the ideal curve; for m = 5 and m = 7
( L scenario), the OC curves are essentially identical to the ideal
case. This means that even with some small inspection errors
Quality and Reliability Engineering International, 2026



FIGURE 8 OC curves for the multiple-inspector SSP under varying conditions: two error scenarios ( L in top row, H in bottom row) and different 
number of inspectors ( m = 3, 5 and 7, in the columns). In each plot, the solid line represents the actual OC curve with inspectors’ errors and the dashed 
line represents the ideal OC curve (with no inspection errors). In the L scenario, even a group of m = 3 inspectors produces an OC curve virtually identical 
to the ideal one. In the H scenario, larger groups ( m = 5 or 7) are needed to closely approximate the ideal OC curve, although m = 3 still shows some 
deviation. Overall, increasing the number of inspectors drives the OC curve of the sampling plan to converge toward the error-free ideal one, illustrating 
the compensatory effect of multiple inspectors. 
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y individual inspectors, the group’s majority decision yields
ot acceptance behaviour nearly the same as if there were no
nspection errors at all. 

nder the H scenario, the trend is similar, but a larger m is needed
o approach the ideal OC curve. With m = 3, there remains a
oticeable deviation from the ideal OC curve: in the example
hown, the multiple-inspector SSP appears slightly more severe,
eaning that it tends to reject lots more often than the ideal
ase. This behaviour is probably attributable to the effect of
agg , which arises from the relatively high ai error rates: even
 few percent of false rejections (false defectives) can shift the
C curve downward (making acceptance harder). However, by
ncreasing to m = 5, the OC curve moves much closer to the
deal one, and with m = 7 it aligns even more closely. Thanks
o this error-compensation effect, the multiple-inspector SSP can
chieve OC curves that are nearly as discriminating as the ideal
ne, even when individual inspectors have non-negligible error
ates. 

rom a practical standpoint, this result is highly encouraging:
mplementing a multiple-inspector strategy provides a form of
rotection against uncontrolled variations in the OC curve.
o complete the analysis carried out so far, Sect. A.2 (in the
ppendix) shows how typical error rates, which do not signif-
cantly ‘disturb’ the OC curves in the multiple-inspector case,
ould have a significant effect if a SSP with just a single inspector
as considered. 
uality and Reliability Engineering International, 2026
4.3 Inspection Effort 

Another crucial aspect is the inspection effort associated with
multiple-inspector sampling versus the 100% lot-inspection
approach. Intuitively, using multiple inspectors increases the
number of inspections per sampled unit (and the related cost),
but this must be counterbalanced by the fact that a SSP inspects
far fewer units than a 100% inspection of the entire lot. In other
words, a key question is whether a multiple-inspector SSP can
still offer efficiency benefits in terms of total inspections needed
compared to inspecting every unit by a single inspector (cf. RQ3 ).

Assuming a Type-B OC curve, the total number of inspections
( n ⋅m ) may remain significantly less than N . For example,
returning to the earlier case with N = 140 and n = 14, if a single
inspector performs 100% inspection of the lot, that requires 140
inspections. By contrast, a SSP with m = 3 inspectors examining
14 sampled units involves n ⋅m = 14 ⋅3 = 42 total inspections; with
m = 5 inspectors, 14 ⋅5 = 70 inspections; and even with m = 7
inspectors, 14 ⋅7 = 98 total inspections. All of these values are
lower than 140, meaning that the multiple-inspector sampling
strategy can still require fewer inspections than checking the
entire lot unit-by-unit. Figure 9 illustrates this comparison,
showing the total number of inspections per lot for each of the
above approaches. Even in the ‘worst case’ here (i.e., m = 7
inspectors), the sampling plan uses about 30% fewer inspections
than full inspection, while in the other cases ( m = 5 and 3) the

savings are on the order of 50%–70%. 
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FIGURE 9 Comparison of the total number of inspections required 
per lot, under different inspection strategies: full 100% inspection of an 
entire lot by a single inspector, versus SSPs (with sample size n ) executed 
by either a single inspector ( m = 1) or by a group of inspectors ( m = 3, 5, 7). 
The example assumes N = 140 and n = 14. Even with multiple inspectors, 
the SSPs use substantially fewer inspections than 100% lot inspection 
(dashed line). 
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3

 Conclusions 

he analysis shows that multiple-inspector SSPs can achieve OC
urves very close to the ideal error-free scenario. In practice,
ven if individual inspectors occasionally make inspection errors,
ombining their independent inspections yields an overall LDD
hat is relatively robust. In fact, multiple-inspector SSPs perform
early as if each unit were inspected perfectly, despite the errors
t the level of individual inspector (cf. RQ1 ). 

nother significant finding is that the number of inspectors and
heir individual error rates influence the shape and stability of the
C curve: increasing the number of inspectors and/or decreasing
ndividual error rates contributes to improving performance
cf. RQ2 ). Aggregating independent conformity assessments—
ypically using the majority criterion—can be beneficial, even
hen inspector error rates are uncertain or difficult to estimate.
n fact, the error-compensation effect allows reliable outcomes
ithout the need for precise and often impractical estimation
f each inspector’s error rates. For instance, three inspectors
ith error rates of around a dozen percentage points can jointly
ield the performance of a single ‘aggregate’ inspector with error
ates of just a few percentage points. Therefore, redundancy in
nspection introduces a natural form of protection, even in the
resence of uncertain or heterogeneous inspector performance. 

nother key finding is that a multiple-inspector SSP tends to
equire fewer total inspections than a single-inspector 100% lot
nspection. While each sampled unit is inspected multiple times,
he total number of inspections—measured as n ⋅m —is typically
uch lower than inspecting the entire lot unit-by-unit (cf. RQ3 ).
his is especially evident when the number of inspectors is
oderate, striking a favourable balance between redundancy
nd workload. From a practical standpoint, this means that a
ultiple-inspector sampling strategy can save time and cost while
nsuring a good level of protection against distorted LDDs. 

he above findings align with industry practices since in several
igh-stakes domains, the use of multiple inspectors— whether
uman experts or automated systems—is standard practice to
746 of 3749
mitigate the risk of unreliable LDDs, due to inspection errors.
For example, critical inspections in sectors such as manufacturing
and medical diagnostics are often independently double-checked
[ 18 ]. Similarly, hybrid inspection systems exploit the error com-
pensation effect by combining automated vision technologies
with human oversight, in ambiguous or complex cases [ 22 ]. Any
group of independent inspectors (whether human or machine)
tends to counterbalance individual misclassifications, producing
a final LDD closer to the ideal of perfect inspection. 

Despite these advantages, the proposed study has some limita-
tions. First, it assumes statistical independence between inspec-
tors’ errors—a condition that may not always hold in real settings,
as correlated errors can arise when inspectors share the same
‘blind spots’ or are influenced by similar contextual factors. This
assumption is crucial for enabling the error-compensation effect
highlighted in this study: when inspectors operate independently,
their individual misclassifications tend to offset each other
through the aggregation process, thereby enhancing the robust-
ness of the final LDD. Conversely, the presence of dependence
among inspectors reduces their ability to effectively ‘cross-verify’
each other. In the extreme case of complete dependence—
where all inspectors systematically produce identical conformity
assessments (i.e., perfect correlation)—the aggregation process
becomes ineffective, as the aggregated error rates would coin-
cide with those of the individual inspectors, thus nullifying
the benefits of redundancy [ 2 ]. Although this study does not
explicitly model statistical dependence among inspectors, this
limiting case provides an intuitive understanding of its potential
impact. One way to mitigate this limitation is to assemble groups
of inspectors with complementary skills, where each inspector
focuses on different aspects of the product, thereby reducing
the risk of overlapping errors. A second limitation lies in the
specific sampling model adopted: this study focused on multiple-
inspector SSPs with a columns-first aggregation sequence and
column-wise aggregation based on majority . As such, the results
may not directly generalize to more complex schemes (e.g.,
double or sequential sampling) or to different aggregation logics.

To conclude, this study demonstrated that a multiple-inspector
sampling strategy can significantly enhance the robustness
and efficiency of conformity assessments in the presence of
inspection errors. Addressing the research questions, it was
shown that involving multiple independent inspectors stabilizes
the OC curve, mitigates the impact of misclassifications and may
reduce the total inspection effort compared to 100% inspection
by a single inspector. Extending the results obtained, greater
reliability of the final LDD would certainly be guaranteed by
a 100% inspection by multiple inspectors, but this would be
excessively costly in terms of inspections ( N ⋅m total inspections
required). Employing additional inspectors entails proportionally
higher costs related to training, salaries and inspection time,
among other factors. Hence, the logic of the multiple-inspector
SSPs seems a good compromise. 

Future research will aim to overcome the present study’s lim-
itations by exploring alternative aggregation rules, relaxing the
independence assumption and extending the analysis to more
complex sampling frameworks. In particular, further efforts
will be devoted to developing practical methods to assess and
monitor the degree of independence among inspectors, thereby
Quality and Reliability Engineering International, 2026
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upporting the design of suitably diversified inspection teams. A
eeper understanding of how redundancy and sampling strate-
ies interact—especially in the presence of correlated inspection
rrors—will enable the design of inspection systems that are both
ighly reliable and practically viable. 

ist of acronyms and variables 

cronyms 

QL Acceptance quality level; 

 High error-rate scenario; 

SO International Organization for Standardization. 

 Low error-rate scenario; 

DD Lot-disposition decision; 

TPD Lot tolerance percent defective; 

C curve Operating-characteristic curve; 

Q Research question; 

SP Single sampling plan. 

ariables 

i Probability that the i -th inspector misclassifies a
conforming unit as defective (false-defective error
rate); 

agg Aggregated false-defective error rate resulting from
the majority aggregation of individual inspectors’
assessments (as perceived by an equivalent “aggre-
gate” inspector); 

Producer’s risk, defined as probability of rejecting a
lot with relatively low defectiveness, at the AQL; 

 Subset of inspectors who classify (correctly or
incorrectly) a given unit as conforming; 

i Probability that the i -th inspector misclassifies
a defective unit as conforming (false-conforming
error rate); 

agg Aggregated false-conforming error rate, from the
majority aggregation of individual inspectors’
assessments (as perceived by an equivalent
“aggregate” inspector); 

Consumer’s risk, defined as probability of accept-
ing a lot with relatively large defectiveness, at the
LTPD; 

 Acceptance number in a SSP (maximum defective
units allowed in the sample for acceptance); 

 (True) number of defective units in the sample; 

 (True) number of defective units in the entire lot; 

* Acceptance number for a 100% inspection of the lot
(i.e., agreed maximum count of defectives in the lot
for acceptance); 
uality and Reliability Engineering International, 2026
𝐷′ = 𝐷′
1 + 𝐷′

2 Total number of defective units identified by
inspection (i.e., the apparent number of defectives,
to be compared with D* ); 

𝐷′
1 Number of true defectives correctly identified by

inspection in the lot; 

𝐷′
2 Number of false defectives (i.e., conforming units

misclassified as defective ones) identified by
inspection in the lot; 

i1 , i2 , i3 , . . . Generic inspectors involved in the (sample) inspec-
tion; 

m Number of inspectors performing the sample
inspection independently; 

n Sample size in a SSP; 

N Lot size; 

p True defectiveness (or fraction nonconforming or
fraction defective ) of a lot (i.e., D / N ); 

p* Threshold defectiveness corresponding to D* (i.e.,
D* / N ); 

𝑝′ “Apparent” defectiveness of a lot from the com-
bined perspective of the m inspectors (as perceived
by an equivalent “aggregate” inspector); 

𝑝′3 “Apparent” defectiveness of a lot, from the perspec-
tive of the inspector i3 ; 

Pa Probability of lot acceptance (which can be cal-
culated both in the case of 100% inspection and
SSPs); 

ℙ (𝐷′) Probability that the inspector will identify 𝐷′

defective units during a 100% inspection of the lot; 

q Majority threshold of inspectors (e.g., at least q out
of m inspectors); 

s N umerosity of the subset of inspectors ( A ); 

u1 , u2 , . . . Generic product unit of the inspected sample; 

✓ Conformity ( pass ) result relating to the assessment
of a single product unit; 

✗ Nonconformity ( fail ) result relating to the assess-
ment of a single product unit. 
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ndnotes 
1 Also known as fraction nonconforming , it represents one of the major
parameters in inspections for attributes and defectives [ 9 ]. 

2 The AQL is defined as a relatively low value of p , reflecting the typical
defectiveness of the producer’s process; this value is generally considered
fully acceptable by the customer and should therefore be associated with
a relatively high Pa and a low risk of rejection, also known as “producer’s
risk”: α = 1 − Pa ( p = AQL). On the other hand, the LTPD is defined as a
relatively high value of p , considered to be at the limit of acceptability for
the customer; this other value generally corresponds to a relatively low
Pa , also known as “customer risk”: β = Pa ( p = LTPD) [ 9 ]. Additionally,
this Type-B OC curve with parameters n = 14 and c = 1 has values of α
and β that are very close to each other (see Figure 3 ). 

3 Only odd values of m have been chosen as these are more practical for
applying the column-wise aggregation criterion based on majority , given
that they exclude the possibility of ties. 
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A.1 Complete formula of the multiple-inspector SSP’s OC 

curve 

By combining Equations 14–17 for a multiple-inspector plan
with inspection errors, one can derive a complete closed-form
expression for the lot acceptance probability (with aggregation
sequence columns-first and column-wise aggregation based on
majority ): 
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espite its apparent complexity, Equation A1 results from substi-
uting the expressions of aagg and bagg (Equations 16 and 17 ) into
he relationship defining p ′ as a function of p , aagg and bagg in
quation 15 , and subsequently substituting p ′ into Equation 14 .
urther details on the step-by-step derivation of Equation A1 are
rovided in Maisano et al. [ 2 ]. 

.2 Comparison with a single-inspector SSP 

his section highlights the benefit of the multiple-inspector approach
ompared to the single-inspector one, for a generic SSP. Returning to the
revious example and to the data in Table 2 , let us consider inspector i3 ,
hose individual error rates are a3 = 6.5%, b3 = 6.0% in the L scenario, and
3 = 14.1%, b3 = 16.8% in the H scenario. The OC curves for a corresponding
ingle-inspector SSP, with inspection errors can be obtained by adapting
he binomial model in Equation 12 , simply replacing the parameter p
ith the ‘apparent’ defectiveness perceived by i3 , due to his/her specific
nspection errors. Specifically, i3 will actually perceive an ‘apparent’
efectiveness: 

𝑝′
3 
= ( 1 − 𝑏3 ) ⋅ 𝑝 + 𝑎3 ⋅ ( 1 − 𝑝 ) , (A2)

here (1 − 𝑏3 ) ⋅ 𝑝 represents the fraction of truly defective units that i3
orrectly identifies and 𝑎3 ⋅ (1 − 𝑝 ) represents the fraction of truly good
nits that are incorrectly marked as defective. Equation A2 can be seen as
 variant of Equation 11 , adapted from the specific perspective of inspector
3 . The term 𝑝′

3 
can then be plugged into Equation 12 in place of the (true)

 , in order to obtain the equation governing the single-inspector OC curve
ith inspection errors: 
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. (A3)

igure A1 presents the resulting OC curves for i3 under L and H scenarios,
ith the ideal OC curve (with no errors) also shown for reference. The
ifference from the multiple-inspector case (cf. Figure 8 ) is striking.
ven in the L scenario, the OC curve with a single inspector i3 deviates
ubstantially from the ideal one. For instance, at moderate p levels, Pa
s significantly lower than it would be ideally, reflecting the i3 ’s false
ejections (due to a3 ) that erroneously inflate the perceived/apparent
efectiveness. Conversely, at higher levels of defectiveness, the acceptance
robability is higher than ideal, due to the missing detection of a portion of
he defective units (due to b3 ), making the lot seem better than it is. These
istortions become extreme in the H scenario, where the single-inspector
C curve tends to become unreasonably selective. 

omparing Figure A1 with the multiple-inspector OC curves in Figure 8 , it
s clear that the same individual errors, which cause large distortions for
ne inspector, result in only minor deviations in the multiple-inspector
C curves (and those deviations shrink further as m increases). There-
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(A1)

fore, the multiple-inspector approach transforms large, unpredictable
OC-curve distortions at the individual level into small, manageable
differences at the aggregated level. 

FIGURE A1 OC curves for a single inspector ( i3 ), in the L scenario
(with a3 = 6.5% and b3 = 6.0%) and in the H scenario (with a3 = 14.1%
and b3 = 16.8%). The OC curves were constructed using the model in
Equation A3 . For ease of comparison, the ideal OC curve with no errors,
constructed using the model in Equation 12 , is also shown (as a dashed
line). 
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