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Abstract

The assessment of the performance of inspection strategies is a crucial element in the design phase of product quality inspections
of manufacturing companies. The aspects that inspection designers need to consider include: (1) the typology of quality inspec-
tion, (2) the inspection variables involved, (3) the potential interaction between variables and (4) the presence of inspection errors.
In particular, low-volume inspection design is critical due to the lack of historical data and the inadequacy of traditional statistical
approaches. By considering these issues, this paper proposes a novel approach to support inspection designers in the prediction of
offline quality inspection performance. The development of a probabilistic model based on the analysis of the possible variable inter-
actions and inspection errors and the definition of some performance measures may successfully help designers in the early design
stages of inspection process planning. The approach is supported by a practical application in the Additive Manufacturing field.

Keywords Quality control - Offline inspection - Inspection performance - Variable interaction - Inspection errors - Additive
manufacturing
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Wp Bernoulli random variable related
to the product

Dyj Mean number of real defective-
output undetected for the jth
output-variable

D,, Inspection effectiveness meas-
ure without considering variable
interactions

D, Inspection effectiveness measure
under variable interactions

Dy, Inspection effectiveness meas-
ure under variable interactions,
derived by assuming independence
between output variables

1 Vector of model inputs related to
the inspection effectiveness meas-
ure D)

cov(l) Variance—covariance matrix of
model inputs

RP Recycled powder

LT Layer thickness

PO Porosity

MP Mechanical properties

DA Dimensional accuracy

1 Introduction

Nowadays, in order to fight the competition and maintain
their market position, manufacturing companies are increas-
ingly interested in quality performance evaluation tools as
well as quality monitoring and control systems [1]. In par-
ticular, choosing effective quality inspections is a key factor
within organizations to meet customer needs and maintain
the competitive advantage in the marketplace [2, 3]. For
years, manufacturing companies have exploited traditional
approaches to design quality inspections [4, 5]. Nowadays,
the increasing complexity and customization of products
require more sophisticated, flexible and therefore expensive
quality control strategies [6—8].

There are several aspects that inspection designers have to
consider during the inspection process planning, including
(1) the typology of production to be inspected, and (2) the
kind of quality control to be performed. In particular, regard-
ing production typology, the design of quality-inspections
for low-volume productions is a remarkable issue because of
the inadequacy of traditional techniques, e.g., cost—benefit
models, simulations, optimization models [3, 9, 10]. This
production typology is characterized by a low production
rate and often by a high level of complexity and customiza-
tion [11]. As far as quality control is concerned, inspections
can be performed in-process or offline [12]. Production units
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are inspected during the production process in the case of
in-process inspections, also referred to as online or in-line
inspections in the scientific literature [13—16]. Conversely, in
offline inspections, the finished products are inspected after
the manufacturing process is completed [13, 17].
Inspection design of low-volume productions is attract-
ing increasing interest from researchers and practitioners.
Regarding in-process inspections, some studies have pro-
posed methods to design an economical in-process control
procedure, supporting the choice of the best sampling strat-
egy for low-volume productions [18, 19]. Another line of
research has focused on the development of suitable defect
prediction models for low-volume manufacturing processes
and their use to plan quality inspection strategies [20-27].
Also with regard to offline inspections, some studies aimed
to develop probabilistic models for predicting defects and
define adequate performance indicators outlining the overall
effectiveness and affordability of alternative offline inspec-
tion strategies [26, 27]. Despite this general interest, previ-
ous studies concerning offline inspections were based on the
hypothesis of no interaction between process and inspection
variables. This assumption, which could be true in some
cases, can be particularly strong, especially in complex
contexts such as Additive Manufacturing processes. This
paper aims to extend previous studies in the field of offline
inspection design by proposing a quantitative method for
assessing offline inspection effectiveness considering: (1)
possible interactions between process and inspection vari-
ables, in terms of cause-and-effect relationships, and (2)
potential inspection errors. More in detail, the method was
developed to address the following research question (RQ):

RQ: "How to quantify offline inspection effectiveness
when the interactions between process and inspec-
tion variables and the inspection errors may not be
neglected?".

The proposed approach, by providing some performance
measures of offline inspections, can offer adequate support
to inspection designers of low-volume productions during
the early stages of inspection process planning. In detail, the
proposed probabilistic model and the related performance
measures can be adopted to support the decision-making
process in the early design phases on the most effective
inspection strategy, meant as the combination of inspection
methods on quality characteristics. Indeed, especially in the
case of low-volume productions, which are typically char-
acterized by high levels of customization and complexity,
the choice of the most appropriate inspection is a non-trivial
problem for two main reasons:

(i) the variety of products that can be produced with the
same technology makes it difficult to standardize and
adopt a unique inspection strategy;
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(i1)) amongst all the different possible inspections, there
may be several eligible and suitable strategies for the
considered low-volume production.

In this regard, using adequate inspection performance
measures to quantify the effectiveness of alternative inspec-
tion strategies from the early inspection design phases is of
paramount importance and contributes to achieving zero-
defect manufacturing goals.

The remainder of the paper is structured as follows. A
problem statement that arises from a real application case in
the Additive Manufacturing field is presented in Sect. 2. In
Sect. 3, the manufacturing process and the inspection pro-
cess variables are described and integrated into an overall
probabilistic model. Furthermore, a self-adaptive approach
is proposed to estimate model probabilities. Section 4 dis-
cusses the approach adopted for predicting inspection per-
formance in terms of effectiveness, including possible vari-
ables interactions and inspection errors. Practical examples
to illustrate the proposed method applied to the real case
presented in Sect. 2 are the subject of Sect. 5. Finally, Sect. 6
proposes closing remarks, research limitations, and future
developments.

2 Problem statement in a real case
application

Consider a part produced by the selective laser melting
(SLM) technique, which is a promising additive manufac-
turing process that fully melts a metal material into a solid
three-dimensional part. The part is manufactured layer
by layer by consolidating metal powder particles using a
focused laser beam that selectively scans the surface of the
powder bed [28]. In this process, several input variables can
affect the quality of the finished product, including continu-
ous variables, such as laser power, scan speed and hatching
distance, and discrete variables, e.g., the use of virgin/recy-
cled powder and the layer thickness [29-33]. These input
variables can affect a variety of quality characteristics of
products, which will be called from now on output variables,
including surface roughness, macro-hardness, porosity, ten-
sile strength and dimensional accuracy [34, 35].

A first problem is to determine which is the probability
of occurrence of defects related to the selected output vari-
ables. In order to solve this issue, the relationships between
input and output variables can be exploited to obtain the
probabilities of occurrence of defective-output variables, as
will be discussed in Sect. 3.

In order to check the conformity of a product with respect
to the output variables, offline inspections can be performed,
such as dimensional verifications, visual checks, comparison
with reference exemplars, mechanical tests. Two inspection

errors can be associated with each inspection activity,
namely detecting a defect when it is not present (type I
error) and not detecting a defect when it is actually present
(type II error). Despite inspection designers try to mini-
mize such inspection errors through sophisticated (manual
and/or automatic) quality monitoring techniques, they can
never be eliminated. The combination of inspection meth-
ods to perform quality controls on output variables defines
an inspection strategy. Thus, a second problem is measur-
ing and predicting the performances of alternative quality
inspection strategies that can be performed on a product.
A first preliminary methodology to solve this problem was
proposed in the study of Verna et al. [26]. However, this
approach does not consider any interactions between output
variables and inspection errors. In real situations, on the con-
trary, there is often a dependence between the occurrence of
defective-output variables and/or inspection errors. Accord-
ingly, Sect. 4.1 proposes an approach able to also consider
variables interactions.

3 Process and inspection modelling

Consider a manufacturing process in ideal settings condition
with m input variables that influence the final quality of a
single product, evaluated by measuring n quality character-
istics, i.e., output variables. In addition, each output variable
can be inspected using a specific offline inspection method,
which can be subject to inspection errors.

In the proposed model, schematized in Fig. 1, Xi refers to
the input variable, where the index i ranges between 1 and m,
being m the total number of input variables. Y; identifies the
output variable, where j is in the range from 1 to n, being n
the total number of output variables. Besides, the following
probabilities can be associated with each jth output variable:

* Dy probability of occurrence of a defective output vari-
able ¥; in nominal operating conditions;

Input variables (X))

Input X; ‘ ‘ Input X, ‘ ‘ Input X; ‘ ‘ Input X,
‘ Output Y; ‘ Output Y, ‘ Output ¥, ‘ ‘ Output ¥,
Py, @y, Py, Py, Ay, Pr, Py; Qy; ﬁy, Py, %y, Py,

Output variables (Y))

Fig. 1 Representation of a production process with m input variables
and n output variables with related probabilities (adapted from [26])
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* ay: probability of erroneously classifying the output
variable ¥, as defective (i.e., type I inspection error);

. ﬂyj : probability of erroneously not classifying the output
variable Y as defective (i.e., type Il inspection error).

The probability Py, concerns the quality of a process and

it is strictly related to the intrinsic propensity to generate
defects. The inspection errors ay, and ﬁyj depend on the qual-
ity of the jth output variable inspection activity. They are
strongly related to factors such as the technical skills and
experience of the inspectors, the type of inspection per-
formed, the time allowed for inspection, the work environ-
ment, and other work- and inspection-related factors [13, 17,
36, 37]. In practical applications, the probabilities Py, @y,
and ﬁy/_ may be a priori estimated using adequate probabilis-
tic models, empirical methods (historical data, previous
experience on similar processes, process knowledge, etc.) or
simulations [20, 22, 23, 38, 39]. In the next Sect. 3.2, a self-
adaptive approach will be presented to estimate such
probabilities.

3.1 Defective-output probability Py,

As schematized in Fig. 1, the underlying assumption of the
model is the relationship between input and output variables.
Therefore, if a defective output occurs, it may be caused
by some input variables and their interactions. As a conse-
quence, the probabilities of occurrence of defective output
can be obtained by exploiting the relationships between input
and output variables. Such relationships can be derived by
implementing methods proposed in the scientific literature.
For instance, Eger et al. [7] propose a data-driven analysis
tool to identify the correlations between process variables in
multistage production systems. This approach allows deriv-
ing the dependencies between variables in highly connected
processes [7].

Process input variables can be continuous or discrete.
Section 3.1.1 reminds how to estimate the probabilities of
occurrence of defective-output variables for continuous
variables. Section 3.1.2 proposes a novel methodology for
discrete variables.

3.1.1 Continuous input variables

When dealing with continuous input variables, a method-
ology to estimate the probabilities of occurrence of defec-
tive-output variables was proposed in a previous study of
Verna et al. [26]. Specifically, probabilities of occurrence of
defective-output can be obtained using a linear mathemati-
cal model relating input and output variables by composing
the uncertainties of the input variables and the coefficients
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of the mathematical model through the law of composition
of variances [4, 40].

In detail, defined the vector of the m input variables as
X = [xl, ,xm] T, the variability of each input variable con-
tributes to the variability of the related Y; output variable,
along with the contribution of the coefficients of the math-
ematical model, A = [ao, agy ..., am]T, as shown in Eq. (1)
[26]:

o’ oy
VAR(YJ-) ~ [ﬁ] - cov(K) - [ﬁ] G=1,....n (1)
where K is the vector of size 2 m+ 1 of the input variables
and the coefficients of the mathematical model, defined as
K=[X A]T, cov(K) is the variance—covariance matrix [41]

v, . . . .
and [0—1(‘] is the vector of the partial derivatives of Y; with

respect to each component of K.
At this point, if the probability distribution of each output
variable Y; is known, the probability Py representing the

probability that ¥; falls outside the specification limits, can
be estimated by computing the area of the distribution out-
side the two specification limits, respectively LSL; and USL;,
as follows:

py, =1-P(LSL; < Y; < USL;) )

To clarify this methodology, a simple example is pro-
vided. In a previous study, it was found from planned experi-
mentation that Brinell hardness in the scale HBW 2.5/62.5
(HB) of parts produced by SLM process can be expressed as
a function of process parameters, i.e., laser power (P), scan
speed (v) and hatching distance (4,), as follows [27]:

HB=fy+ B - P+Py-v+Py-hy+py- v +ps-v-hy (3)

where the mean value and standard deviation of the param-
eters By, By, Bo, B3, Bs, Ps are provided in Table 1.

The variance of HB can be obtained by composing the
variance of the mathematical model parameters, reported in
Table 1, and the standard uncertainty of process variables,

Table 1 Mean value and standard deviation of the model parameters
of Eq. (3) [27]

Parameter Mean value Standard deviation
B, [HB] —5.12:10 3.57-10!

B, [HB/W] — 142107 7.16-1072

B, [HB/(mm/s)] 2.19-107! 3.28-1072

f; [HB/mm] 4.85-10 1.10-10?

B, [HB/(mm/s)?] — 546107 1.16-107°

Bs [HB/(mm?/s)] -2.69-107! 8.22-1072
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Table 2 Standard uncertainty of process variables

Process variable Standard uncertainty

P (W) 2.89- 1072
v (mm/s) 2.89-1072
hy (mm) 2.89-107

evaluated as the resolution of the AM machine under the
assumption of uniform distribution, see Table 2 [27].

Accordingly, the variance of HB can be obtained as
follows:

0HB

[aHB] T
oK

VAR(HB) ~ ccon®)- [ 22| = 402082 @)
where K = [P,v, hy,v-v,v -y, o Bys Bos B, Bas Bs] " and
cov(K) includes respectively their variances and covariances.

Finally, under the hypothesis of normal distribution, the
probability of hardness-defect, py;z, was obtained by Eq. (2).
In detail, given the nominal value of hardness (122.45 HB),
the variance shown in Eq. (4), and the lower specification
limit (LSL =114 HB), the resulting probability is the fol-

lowing [27]:
pus = P(HB < LSL) = 0.55% (®)]

It has to be specified that, in this case, technological
requirements only impose a lower, and not an upper, speci-
fication limit.

3.1.2 Discrete input variables

The probability of occurrence of the jth defective-output,
Py, can be derived from the probabilities of occurrence of

defects caused by the input variables. Accordingly, each ith
input variable is associated with a probability py, i.e., the
probability of occurrence of defects in the final part due to
the input variable X;.

The relation between input and output variables is repre-
sented through the probability p){f , 1.e., the probability of

occurrence of the defective-output variable Y; due to the
input variable X;. Besides, each input variable may be a
source of more defective-output variables. In this situation,
the probability that the input variable X; causes k defective-
. . X, . .
output variables is denoted as Py av,neny, with k < n. Simi-

larly, each defective-output variable may be caused by more
input variables. In such a case, the probability that s input
variables cause the defective-output variable Y; is identified

with the probability py' "™ with s < m.
J

Consider an exemplifying process with 3 input variables
and 4 output variables, as shown in Fig. 2.

161
Pyt
Y r
Px, Input X; X, Output ¥, | Py,
Py,
Output ¥> | py,
Px. put X» | %
’ ’ ] &‘
Y. ,
py: Output I3 | py,
Px, Input Xj \
X3 Output ¥, | Py,
Py,

Fig.2 Representation of an exemplifying process with 3 input vari-
ables and 4 output variables

In this specific example, the probabilities of occurrence
of defects in the product due to the input variables, py
(i=1,2,3), are:

X X X

pX] :pyll +py21 _pyllnyz (63)
X X X

Px, = Py, TPy, = Py.ny, (6b)
X

Px, =Py, (6¢)

More in general, py can be calculated, for each
i€{l1,2,...,m}, as follows:

k
— Xi _ Xi e (—1)HL.
Py, = 2Py = 2Py ay, T (D)
j=1 1<z
Xi k1 | Xi
Z py/lnyjzﬂ"'myjr +oe =D “Pyar,n-ny,

J1<h<:+<,
@)

where each sum Zj is calculated for all the <];>

1</2< <y

possible subsets of r elements of the set {1,2,...,k}, and k
is the total number of defective-output variables caused by
the input variable X;, with k < n.

At this point, the probabilities of occurrence of defective-
output variables of the example illustrated in Fig. 2, Py,

(j=1,2,3,4), can be derived as follows:

Xl

Py, =Py, (8a)
X X X,NX.

Py, =Py +py = py" (8b)
XZ

Py, =Py, (8¢)
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X
Py, =Py, (8d)

where the probability p)Y(‘ﬁX2 in Eq. (8b) can be calculated,

according to the definition of conditional probability [4], as
follows:

s

productions, where few historical data are available, the
estimation of such probabilities may not be straightforward.
Therefore, in order to estimate the above probabilities, the
adoption of a self-adaptive approach is suggested. In particu-
lar, the probabilities of defective-output variables presented

p§1 . pifz if the occurrence of X; and that of X, are independent
2 2

(the occurrence of X, is the conditioning event) €))

);lel . p);‘ if the occurrence ofX, and that of X, are dependent
X, nX, 2 2
Dy, 3
Xl |X2 X2

- py’ if the occurrence of X; and that ofX,, are dependent
2
(the occurrence of X, is the conditioning event)

In Eq. (9), p);zl %2 is the conditional probability that the
defective-output variable Y, caused by X, occurs, given that
the defective-output variable Y, caused by X, has occurred
(or vice versa for p);jlx‘).

More in general, py, can be calculated, for each
j€E€{1,2,...,n}, as follows:

5
X, X; NX; 1
py, = ZPY,- - Zpyjl 2 o (=)L
i=1 i\ <iy

10)
X, NX;,N--NX; X, NX,N---NX

r s+1
ij +...+(_1)f .pj
i) <ipy<ee<i,

where each sum %, _;

is calculated for all the (i)

possible subsets of r elements of the set {1,2,...,s}, and s
is the total number of input variables that cause the defec-
tive-output variable Y; jointly, with s < m. The generic prob-
ability Py:] ? ~~.nx,.r’ expressed in Eq. (10), can be derived
by exploiting the definition of conditional probability [4]
according to the logic-causal criteria between input varia-
bles. However, when independence between input variables
can be assumed, i.e., when only controlled independent
inputs of the process affecting the quality of the finished
product are considered, it can be expressed as shown in
Eq. (11).

X, NX,, X, X, X

i i X, .
P =py Pyt eeepy JEL20n) (1)

i j

3.2 Self-adaptive approach to estimate defect
and inspection error probabilities

The estimation of the probability of occurrence of the defec-
tive-output variables, both continuous and discrete, and the
probability of inspection errors—see Sect. 3, is a key point
of the proposed probabilistic model. Since the approach
proposed in this study is mainly beneficial for low-volume
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in Sect. 3.1 may be estimated in the design stages of inspec-
tions by Egs. (2) and (10) and using, as a first approxima-
tion, historical data relevant to similar products of the same
manufacturing process—with slightly different characteris-
tics. Then, as new experimental data becomes available, the
prediction models described in Sects. 3.1.1 and 3.1.2 can be
updated accordingly to improve estimates accuracy.

A similar approach can be applied to the estimation of
inspection errors. As abovementioned, inspection errors, ay,
and ﬁyj , are affected by a plurality of factors, including oper;

ators/inspectors’ experience and technical skills of opera-
tors/inspectors, the typology of inspection performed (man-
ual, automatic or a mixture of both), the time allowed for
inspection, the work environment, and other work- and
inspection-related factors. Owing to this large number of
factors that can lead to inspection errors, it is challenging to
estimate the corresponding probabilities. In the scientific
literature, some papers treat inspection errors only from a
theoretical point of view [13, 38, 42, 43]; instead, others
estimate them by adopting approaches based on prior knowl-
edge of the inspection process [11, 12, 20, 23, 26]. As the
inspection errors are mostly related to the measuring proce-
dure (instrument, operator and working conditions), empiri-
cal data relevant to different products of similar manufactur-
ing processes can be used as a first approximation to estimate
them, especially in the case of new productions or in the
design stages of inspections. Indeed, most of the controls
performed in a company are common to different typologies
of products, as for electromechanical products [23]. There-
after, a self-adaptive approach can be implemented, which
involves updating and refining the estimates with new data
acquired as production progresses.

Such an auto-adaptive approach allows for up-to-date
and accurate estimates of model (process and inspection)
probabilities. Clearly, the more data used and the greater
the periodicity of the self-adaptation, the greater the model's
accuracy and the resulting prediction of the performance
measures described in the next Sect. 4.
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4 Performance assessment of inspection
strategies

According to the process and inspection modelling proposed
in Sect. 3 and the tree diagram shown in Fig. 3, for each jth
output variable (j=1,...,n) the following probabilities can
be obtained [26]:

P(classify the output variable Y; as defective)

=ij'(1_BYj>+<1_ij)'(ij (12)

P(classify the output variable Y; as conforming)

:ij-ﬁyj+<1—ij).<]_(ij> (13)

As stated in Eq. (12), an output variable can be classified
as defective when it is actually defective, with a probability

Dy - <1 - ﬂY‘), or when it is conforming (false positive),
with a probability (1 — Py, ) -y, On the other hand, an out-

put variable ¥; can be classified as conforming when there is

an inspection error (false negative), with a probability

Py - Py, or when there is the real absence of any defect, with
J J

a probability (1 —pyj> . (1 - aY,_), as shown in Eq. (13).
Then, n Bernoulli random variables (Wj) are defined as
follows:

e W;=0, when either (1) the truly defective output variable
Y, is detected as such or (2) the output variable ¥; is not
defective;

e W;=1, the truly defective output variable Y; is not
detected as such (false negative).

Since defects that are not detected by inspections are
the objective of this study, the following probability can be
obtained according to Eq. (13) (j=1,...,n):

Fig.3 Tree diagram of the
inspection process of each jth

output variable Defective

pY]'

Conforming
1- Py j

O Output variable Y;

1—ay,
Yj

P(W;=1) =py, By, (14)

as the term (1 =Py, ) . (1 - ay ) represents the probability

of classifying conforming outputs as conforming.
Therefore, the mean number of real defective-output
undetected for the jth output-variable is:

Dy = E(W)) =py - by (15)

When considering the overall inspection strategy, the
mean total number of defective-output variables which are
erroneously not detected can be defined as:

D, =Y E(W)=Yp, b (16)
= =

In first approximation, D,,, can be considered a reason-
able estimate of the inspection effectiveness as it provides a
measure of the overall effectiveness of the inspection strat-
egy performed on the product. It has to be pointed out that
Eq. (16) is obtained under the hypothesis of no interaction
between inspection errors and defect probabilities of dif-
ferent output variables. As a consequence, the two output
variables can be considered decoupled.

For each output variable Yj, a total cost related to the
inspection, including costs for the inspection activity, defects
removal and undetected defects, can also be considered,
as described in the study of Verna et al. [26]. However, a
detailed cost analysis will be the object of future develop-
ments of this research.

4.1 Interaction between model variables

As mentioned above, Eq. (16) is obtained under the assump-
tion of no interaction between defects and inspections errors
of different output variables. This allows to decouple the
corresponding output variables and, therefore, to consider
the related events as mutually exclusive, i.e., disjoint events.

ﬁyj Classify the defective output variable Y;as conforming

(false negative)

Classify the defective output variable Y; as defective

Classify the conforming output variable Y; as defective
(false positive)

Classify the conforming output variable Y;as conforming

D Inspection/Decision

G=1,...,1n)
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However, in practical situations, different defective-output
variables can occur jointly, requiring the proposed model
and performance measures to be refined.

It is worth noting that possible interactions between vari-
ables are intended in this study as cause-and-effect relation-
ships and not merely as correlations. Indeed, a correlation is
a statistical measure of the relationship between two or more
variables that, however, does not provide information about
the cause-and-effect relationship of the data [7]. Besides,
it has to be clarified the distinction between the concept of
variables interaction and that of independence. Interaction
may arise when the effect of one causal variable on an out-
come depends on the state of a second causal variable (i.e.,
when effects of the two causes are not additive) [44]. On the
other hand, two events are independent if the occurrence
of one does not affect the probability of occurrence of the
other. Similarly, two random variables are independent if the
realization of one does not affect the probability distribu-
tion of the other [41]. Accordingly, in a scenario of variable
interactions, there can be situations of either dependence or
independence between events or variables.

A summary reporting the assumptions (dependence/inde-
pendence) introduced in this study in the modeling of the
interaction between variables is provided in Table 3.

Table3 Summary of the assumptions (dependence/independence)
introduced in the modeling of interaction between variables

Occurrence of Inspection errors Occurrence

Consider, for example, two output variables denoted by Y,
and Y, that are inspected on the final product. In the case of
interaction between defects and inspections errors of ¥, and
Y,, there are 16 different possibilities in such an inspection
process, including some cases of misclassifications and other
of correct classifications. This scenario is depicted in Fig. 4.

It has to be highlighted that the events represented in
Fig. 4, both related to the occurrence of defects and inspec-
tion errors, are considered independent. For instance, the
occurrence of the defective-output variable Y, is independ-
ent of the occurrence of the defective output-variable Y.
Besides, inspections on Y| and Y, are performed separately,
as it happens in most practical cases, and the correspond-
ing inspection errors do not depend on the typology of the
defect. Accordingly, as shown in Fig. 4, the type I and type II
inspection errors are the same in all the paths of the graphi-
cal model. In graphical terms, this situation is indicated by
the absence of any direct arrow between the nodes of the
events in the tree diagram.

However, in real situations, the assumption of independ-
ence between the defective-output variables can be an over-
simplification. In general, probabilities are context sensitive.
For instance, the probability of occurrence of the defective-
output variable ¥, can be conditioned on the occurrence of
the other defective-output variable Y;, or vice versa. Refer-
ring to the application case described in Sect. 2, consider as
output variables mechanical properties (MP) and porosity
(PO). Suppose that the probabilities of occurrence of defects
are ppo =2% and p,,;p=2.98%. If the occurrence of MP and

defects of defects and i o
inspection errors that of PO are independent, then the probability that the two
defective-output variables occur jointly, , will be
Figure 4 Independence Independence Independence P 0 tJh t}? I;IMP ’2{’0. £
Figure 5 Dependence Independence Independence Pupopo = Pup *Pro = 0.06%. On the otuer nand, in case o
Fi 6 Devend Indenend Depend dependence between the occurrences of the defects, and sup-
1eure ependence ndependence ependence posing that the occurrence of MP is conditioned to the
Fig.4 Tree diagram of the Conformin By, _ Conforming (false negative)
inspection process of 2 output /yy( false negati fe) D ___ Defective
variables in case of independ- Defective ‘ By, Conforming (false negative)
ence between the occurrence of Py, — 1 Defective :3 *_Conforming (f g
defects, inspection errors and _ T hn 1 ""'\\'—M
both ﬁ/\ ay, Pr, Defective (false positive)

ﬁ Conformin T
T~ " false negatlve)l:k mg—
Conforming \\~~~
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Defective (false positive)
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1} Defective
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A N

A
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T~
~_ %,_(false positive) D 1= Conformm
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occurrence of PO (i.e. pMP|P0=80%), then

Puparo = Pupipo * Pro = 1.6%- Thus, in this case, assuming
independence between MP and PO would result in underes-
timating the joint probability p, . ...

In such a case, i.e., when there is a dependence between
the occurrence of defective-output variables, the scenario is
depicted in Fig. 5. The four possible combinations of defects
in such a scenario are: Event (A): Y, defective and Y, defec-
tive; Event (B): Y, deffective and Y, conforming; Event (C):Y,
conforming and Y, defective; Event (D): Y, conforming and
Y, conforming. The probabilities associated with each event
are reported in Fig. 5. Specifically, the probability that the
two defective-output variables occur jointly, py, y,, can be
obtained, according to the definition of conditional prob-
ability [4], as follows:

replaced by conditional probabilities, as shown in Fig. 6.
In detail, four different inspection errors can occur when
inspecting Y (By, 4> By, 5> ay,|c and ay p), and other four
when inspecting Y, (By, 4. By,c» @y, 5> @y, p)- It has to be
noted that, for ¥}, the errors fy |- and By, |, are not considered
because in the events (C) and (D) the output Y, is conform-
ing. Accordingly, we are not interested in evaluating type II
errors for those scenarios. Similarly, type I errors ay |, and
ay, p related to Y, are not of interest in events (A) and (B),
respectively, in which Y is defective. The same reasoning
can be applied to Y,, for which inspection errors By, 5. By, p,
ay,4 and ay | are not regarded.

In practical applications, inspection errors are not mainly
related to the part to be inspected and its defects. Instead,
they depend closely on factors such as the measuring device

Py, * Py, if the occurrence of Y, and that of ¥, are independent
Py, |y, * Py, if the occurrence of ¥, and that of ¥, are dependent

Py,ny, =
Py,

(the occurrence of Y, is the conditioning event) (17
Py, if the occurrence of ¥, and that of ¥, are dependent

(the occurrence of Y, is the conditioning event)

In light of this, according to the structure of the prob-
lem and the directionality of the cause-and-effect relation-
ship between the output variables, in the graphical model
depicted in Fig. 5, py, y, should be replaced by the probabili-
ties reported in Eq. (17). It should be noted that, when the
occurrence of Y| and that of ¥, are independent, the diagram
in Fig. 5 can lead back to the diagram in Fig. 4.

As far as inspection errors are concerned, their probabil-
ity could also be related to the occurrence of the defective-
output variables, i.e., to the four different events (A), (B),
(C) and (D). In this case, simple probabilities should be

Fig.5 Tree diagram of the
inspection process of 2 output
dependent variables in case of
independence between inspec-
tion errors, and between inspec-
tion errors and the occurrence
of defects

(A)Y; defective and [ ](

Y, defective

(B) Y; defective and
Y, conforming

(C) Y4 conforming and

and Y, conforming
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and procedure, the inspector abilities, and other work- and
inspection-related factors [45, 46]. For that reason, as a first
approximation, the model and performance measure pro-
posed in this study rely on the independence between inspec-
tion errors, and between inspection errors and the occur-
rence of defects, as depicted in Fig. 5. Such a hypothesis
helps obtain a generalization of the performance measure
with » output variables, which will be described in the next
section.

In order to generalize the proposed model to n output
variables inspected, the possible combinations in which the
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By, Conforming |:|
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Fig.6 Tree diagram of the
inspection process of 2 output
dependent variables in case of
independence between inspec-
tion errors, and dependence
between inspection errors and
the occurrence of defects

@ Product

defects can occur are 2", each one associated with 2" pos-
sible combinations of inspection errors, resulting in a total
of 22" combinations (i.e., all possible branches of the tree
diagram).

4.1.1 Inspection effectiveness

Again, a Bernoulli random variable related to the product
(Wp) can be defined as follows:

o W, =0, when either (1) a truly defective output variable
is classified as defective or (2) an output variable is not
defective;

o W, =1, atruly defective output variable is not classified
as defective.

According to the graphical models of Figs. 4, 5 and 6,
P (WP = 0) can be obtained by multiplying the probabili-
ties on the paths where conforming (both false positive and
truly conforming) and truly defective output variables are
encountered. On the other hand, P(WP = 1) can be derived
by multiplying the probabilities on the paths where false
negative output variables are encountered. In the specific
case of independence between inspection errors and the
related defective-output variables (see Fig. 5), the follow-
ing two relationships are obtained, given that the two prob-
abilities are complementary:
P(Wp=0) =1

— Py, - By, =Py, * By, + Py,ny, - By, - Py,

18)

@ Springer
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P(WP = 1) =Py,ny, [ﬁyl + (1 _ﬁyl)'ﬂy2] + (Py] _pymyz)'ﬂyl
+ (Py2 —Pylmyz)'ayl By, + (Py2 _Pymyz)
(1= ay )Py, =Py, Py, + Py, By, = Py,nv, Py, Py,
19)
Therefore, according to Egs. (18) and (19), the mean total
number of defective-output variables which are erroneously
not detected in the inspection process for the two variables
Y, and Y, can be defined as:
D:ol = E(WP)

=Py, * By, + Py, - By, = Py,nv, * Py, - Py,

(20)

Thus, if the inspection process is examined in its total-
ity and, therefore, the two output variables are not decou-
pled, Eq. (20) differs from Eq. (16) for the component
Py,ny, * Py, - By,, which represents the mean total number of
undetected defects of Y| and Y, when they occur jointly in
the product.

More in general, if there are n output variables to be
inspected on the product, by exploiting the total prob-
ability theorem [47], the inspection effectiveness indicator
becomes:

D, =2 (PY ﬁY) Z i<ia [(pynﬂyzz) ' (ﬂyn 'ﬂyfz)]

m+ (= 1)I+l z],<]2< <jr|:(py/|ﬁyjzﬁ “nY; ) ' (ﬂyfl .ﬂyiz T ﬂy’r)]
+( 1)"+l [ p}’mYzﬁ -ny, ) (ﬁyl'ﬂyz T "BY )] = Z;=](_1)j+]

) I [(Pm ) ' (H ﬂm)]

is calculated for all the < ’Z ) pos-

@1
where each sum )]

1<) <<y
sible subsets of t elements of the set{1,2, ...,n}. Thus, D', ,

is obtained by summing the probabilities of occurrence of
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defects multiplied by the related type II errors, minus the
probabilities associated with defects appearing in even num-
bers, also multiplied by the related type II errors, and by
summing again the probabilities associated with defects
appearing in odd numbers, also multiplied by the related
type II errors. Although Eq. (21) is formulated for the case
of independence between inspection errors and the related
defective-output variables, it can be considered a reasonable
approximation of the indicator of inspection effectiveness
when n defective-output variables can occur jointly.

4.2 Variability evaluation of performance measures

The reliability of the performance measure of inspection
effectiveness can be assessed by providing a quantitative
evaluation of the variability of the estimate. The approach
that can be used to this aim is the method based on the
law of composition of variances [4, 20]. According to this
approach, the variability affecting all the model inputs, i.e.,
probabilities of occurrence of defects and inspection errors,
can be combined and propagated to obtain the variability of
the performance measure D! . In detail, known the equation
model relating model inputs and the performance measure,
see Eq. (21), the variability, expressed in terms of vari-
ance (VAR), of the inspection effectiveness measure may be
defined as follows:

/ aD;Ol ' aD;Ot
VAR(D! ) = —5 | oD | =~ (22)
where I is the vector of model inputs and cov([) is the vari-
ance—covariance matrix of model inputs.

It has to be remarked that Eq. (22), in case of absence of
variable interactions, i.e., when considering Eq. (16) instead
of Eq. (21), leads to the simplified model given in Eq. (23):

R 2 2
VAR(D,,) = Z[(%) VAR (py; ) + (iﬁ’:’) : VAR(/}YI)]

J=1

- Z [ﬂ)z,J - VAR(py,) +1} - VAR(ﬂyj>]
i @3)

5 Case study application

Referring to the case study described in Sect. 2, consider a
part produced by SLM for which the probabilities of occur-
rence of defective-output variables are evaluated by the two
discrete variables: recycled powder (RP) and layer thick-
ness (LT). The use of recycled powder may be considered a
Boolean variable (use or not of the recycled powder). The
second variable, the layer thickness, is primarily chosen

based on the particle size and cannot be thinner than the larg-
est particle in the powder [48]. Besides, in AM machines,
the layer thickness can typically assume discrete values in
the permissible range. For instance, in the EOSINT® M 270
metal sintering system [49], the layer thickness can vary
from 20 um to 100 um (20 pm, 30 pum, 40 pm, 50 pm, 60 pm,
70 pm, 80 um, 90 um and 100 um) depending on the mate-
rial. Extensive studies in the scientific literature have shown
the effect of recycled powder and layer thickness on porosity
(PO), mechanical properties (MP) and dimensional accu-
racy (DA) of components produced with SLM technique. In
particular, some authors found empirically that the use of
recycled powder may affect porosity and mechanical proper-
ties, e.g., tensile strength [31, 32, 50], while layer thickness
on dimensional accuracy as well as mechanical properties
[51-53]. Although recycled powder and layer thickness
may also affect other output variables, e.g., surface rough-
ness [54], this example is restricted to analyzing porosity,
mechanical properties and dimensional accuracy (Fig. 7).
However, the proposed approach can be extended to further
output variables.

Assume that the probabilities of occurrence of defects in
the product due to RP and LT, pyp and p; r, are respectively
2% and 3%. In detail, RP can cause PO, MP and joint PO
and MP defects with, respectively, probabilities p&>. p&F,
and pRP (see Eq. (24a)). On the other hand, LT can cause

PONMP

MP, DA and joint MP and DA defects with probabilities p/,,

phh. and piT. . respectively (see Eq. (24b)).
Pre = Ppo + Pyip = Pronup = 2% (24a)
PLr = Pyip * Pos = Phtpooa = 3% (24b)

Probabilities in Eqgs. (24a) and (24b) can be estimated
with real data based on literature data and/or previous direct
manufacturing experience gained in producing the same
(or similar) parts via SLM. Alternatively, if such data are
not easily available, preliminary experimental campaigns

RP
Pro
Prp Input RP RP Output PO | ppo
Pmp
Output MP
Py Input LT piT Pur
Ph4 Output DA | ppa

Fig.7 Schematic of the SLM process with 2 input variables (RP
and LT) and 3 output variables (PO, MP, DA) with the related prob-
abilities. RP recycled powder, LT layer thickness, PO porosity, MP
mechanical properties, DA dimensional accuracy
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could be conducted. In detail, the following steps should
be followed.

Step 1) Parts manufacturing

To evaluate the effect of RP, a number Np of parts should
be manufactured in the same build, in optimal working
conditions, by using recycled powder. It should be clari-
fied that the term "build" and "job" indicate, in industry
and the literature, the stack of parts produced via SLM in
one single process run [55]. On the other hand, to evalu-
ate the effect of LT, a number N, p of parts should be manu-
factured in the same build, by using optimal parameters
settings and a fixed layer thickness.

Step 2) Inspections

Appropriate quality controls should be performed to
evaluate the defectiveness in terms of PO and MP for the
N, parts of the first campaign, and MP and DA for the
N, parts of the second campaign. A part is recorded as
defective if the considered quality characteristic value is
out of a specification range.

Step 3) Probability estimation

The probabilities of occurrence of defects should be esti-
mated by using the classical definition of probability, i.e.,
number of defective parts over total number of produced
parts. For instance, if N, = 50 and 1 part is signaled as
defective in terms of porosity, then pRf =1/50=2%. It has
to be clarified that, when estimating pR? all the parts that
present porosity-defects should be accounted, even those
with mechanical properties-defects. Similarly, in pkl,
all parts with mechanical properties-defects should be
included. On the other hand, p’;g yp 1S obtained consid-
ering only the parts with both defects of PO and MP. The
same method should be applied for evaluating p4,. phl
and pi7, . For instance, if N, = 100 and 3 parts are sig-
naled as defective in terms of DA, then pL! =3/100=3%.

Then, the probabilities of occurrence of defective-output
variables can be derived, according to Eqgs. (10) and (11):

Pro =P80 =2% (25a)
Pup = PR+ phT — pRPOLT — 19 4 29 — (1% - 2%) = 2.98%
(25b)

Poa =Pl =3% (25¢)

Now, combining the type II inspection errors of each
output variable (see Table 4) with the related defect prob-
abilities, the indicator of effectiveness may be derived. Such
inspection errors may be estimated by the use of predic-
tion models and/or empirical methods—based on historical
data, previous experience and process knowledge [22, 23,
26]—or by adopting the self-adaptive approach described

@ Springer

Table 4 Inspection errors

Output variable Y; %
related to porosity PO, P / Py, 0
mechanical properties MP and PO 7.0
dimensional accuracy DA,
based on historical data related MP >0
to 100 parts DA 5.0

in Sect. 3.2. In this case study, inspection errors were firstly
experimentally estimated as the fraction of false negative
parts out of the total number of inspected parts, based on his-
torical data related to 100 similar parts manufactured by the
SLM process. Such values are listed in Table 4. For instance,
Ppo was 7.0% as 7 parts were classified as non-defective
(when actually defective) out of a total of 100 inspected
parts.

When the interaction between variables is not consid-
ered, the effectiveness indicator can be derived by exploiting
Eq. (16):

D,y = Ppo - Beo + Pup - Bup + Ppa - Bpa = 439 - 107°
(26)

As mentioned in Sect. 4.1, interactions between variables

can be commonplace in a complex contest such as AM pro-

cesses. Thus, when considering the interaction, the indicator
of effectiveness should be evaluated according to Eq. (21):

Dy, = Ppo * Bro + Pup * Bup +Ppa * Ppa
- (pMPnPO “Pup - ﬂpo)
- (pDAnPO “Ppa - ﬁpo) 27
- (PDAnMP “Bpa - ﬂMP)
+ (Pspnpaneo * Bup - Bpa - Bro)

A first preliminary estimate of the probabilities that

defects can occur jointly, i.e., Puporo® Poanro® Poanmp

and p,,» r1npo- €an be derived by assuming independence
between output variables. As a consequence, Eq. (27) may
be re-written as:

D} = Pppo - Bro +Pup - Bup +Ppa * Boa
- (pMP “Ppo * Bup - ﬁpo)
- (pDA “Pro* Ppa - ﬂpo)
- (pDA “Pump * Ppa - ﬁMP)
+ (pMP “Ppa *Pro * Pup - Ppa - ﬂpo)
=438-107°

(28)

where py - ppo = 0.06% pps - ppo = 0.06%: Ppa * Pup
=0.09%and p,,, - pps - Ppo = 0.006%-

It can be shown that, in the assumption of independence
between output variables, the following relationship holds:
D,, > Dy , being all defect probabilities and inspection
errors values ranged between 0 and 1. In light of the rela-

tionship existing between D,,, and D} , and also considering
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that the defect probabilities and inspection errors are typi-
cally low values in nominal working conditions, the dif-
ference between the two indicators is typically negligible.
Thus, in conservative terms, the performance measure D,,,
can represent a reasonable overestimation of the inspection
effectiveness in the case of independence between defective
output variables.

In order to verify if D,,, can also be a reasonable approxi-
mation for evaluating D/ in the assumption of dependence
of the occurrence of defects (see Eq. (27)) joint probabilities
should be estimated experimentally. In this latter case, litera-
ture data or previous similar manufacturing experience may
be used. Alternatively, a specific experimentation should be
conducted to estimate the joint probabilities (p,,pnpo-
Ppanro® PDAMP and pMPnDAnPO)‘ For instance, suppose we
experimentally obtain the following values (by quantifying
the number of defective parts in which joint defects occurs
over the total number of produced parts): Pupraro = 1.6%;
Poanro = 1.3%: pppcp = 1.8%a0d pyp oo = 0.06%. In
this case, the assumption of independence between variables
is not valid. Indeed, joint probabilities are not equal to the
product of single probabilities. Instead, they are derived
from the related conditional probabilities (i.e.,

Puparo _ — Ppanro __
Pupipo = =80% Ppajpo = =65% .
Pro Pro

— Ppaomp __ _ Pumpopanro
Ppaimp = = 3% Pmpnpayipo = 2 = 60%)-
Pup Pro

Now, by applying Eq. (27) in case of dependence between
variables, the following value is obtained:

D, =425-107 (29)

The estimates of inspection effectiveness obtained by
Eq. (26), (28) and (29) should be complemented with their
estimated variabilities. As a first approximation, the standard
deviation of each model input (i.e., probabilities of occur-
rence of defects and inspection errors) are assumed to be 5%
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3.70E-03
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3.30E-03 o D'r Do
4.75E-03 4.74E-03 4.60E-03

4.03E-03 4.02E-03 3.88E-03
4.39E-03 4.38E-03 4.24E-03

=TUpper limit 95% CI
Lower limit 95% CI

® Mean value

Fig. 8 Graphical comparison of the 95% confidence intervals (CI) of

the inspection effectiveness measures D,.,, D* and D/
tot> “tot tot

of the relevant value of the input itself. Then, the variances
related to inspection effectiveness measures D/ and D are
calculated by applying Eq. (22), and for D,,, by implement-
ing Eq. (23). The 95% Confidence Intervals (CI) are finally
obtained from the variability of the performance measures,
as shown in Fig. 8.

As can be noted, the dependence between the occur-
rences of defects results in a slight decrease (about 3.5%) in
the mean number of undetected defective-output variables
with respect to D, and D, (see respectively Egs. (26) and
(28)). However, in all three cases (i.e., D,,, D; and D! ),
given a production of 1000 components, there are nearly 5
defective-output variables that are erroneously not identi-
fied. Moreover, as represented in Fig. 8, the three confidence
intervals overlap, thereby highlighting no systematic differ-
ence between the three performance measures. As a result,
the indicator D, , can represent a preliminary conservative
estimation of inspection effectiveness also in case of depend-
ence between output variables.

As mentioned in Sect. 3.2, the estimates of model prob-
abilities can be gradually refined using a self-adaptive
approach. Consider, as an example, that a new job of 30
parts is produced and a 100% inspection is performed. This
quality control enables the refinement of the inspection
error estimates shown in Table 4. In detail, regarding PO, 2
parts were classified as non-defective when actually defec-
tive, whereas 1 false negative part was identified for MP
and O for DA. Taking PO as an example, 2 false negative
parts were added to the previous 7 parts (historical data, cf.
Table 4) out of a total of 130 inspected parts (100 previously
inspected and 30 related to the new produced job), resulting
in fpy = @ = 6.9%. The probabilities estimates listed in
Table 4 were accordingly updated, as shown in Table 5.

Using such new estimates of inspection errors, the per-
formance measures derived by Eqgs. (26), (27) and (28) can
be refined to improve the accuracy of the prediction, as rep-
resented in Fig. 9.

It is worth noting that the empirical validation of the pro-
posed approach and performance measure is a delicate issue.
Since the mean number of undetected defects is, generally,
very low (as in this case which is of the order of 10~3) and,
typically, AM productions involved some tens per build, a
real data collection cannot be easily completed in a short
time. For instance, referring to the proposed case study, 1000
parts should be produced to observe about 4 or 5 defective-
output variables which are not detected. However, as a first

Table 5 Inspection errors

Output variable Y; %
related to porosity PO, P ! Py, (%)
mechanical properties MP and PO 6.9
dimensional accuracy DA, MP 46

updated according to the self-
adaptive approach (cf. Sect. 3.2) DA 3.8
after a new produced job
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Fig.9 Graphical comparison of the 95% confidence intervals (CI)

of the inspection effectiveness measures Dy, D} and D; , obtained

after the refinement of inspection error estimates using the self-adap-
tive approach (cf. Sect. 3.2)

approximation, data relevant to different parts produced
by SLM may be put together, considering similar geom-
etries, similar materials, similar AM systems and the same
application field (e.g., aerospace and automotive). At least a
thousand parts should be collected to experimentally count
the average number of defects undetected and then compare
it with the estimated measures of inspection effectiveness.
This can represent a preliminary validation procedure of the
proposed methodology. In the long term, the real data col-
lection may be completed for a more refined estimation of
inspection effectiveness performance. Through the use of
the performance measures, inspection designers can quan-
tify the effectiveness of alternative inspection strategies
and, as a result, implement changes and improvements to
the inspection methods adopted with the goal of achieving
zero defects.

6 Conclusion

For manufacturing companies, planning effective inspection
strategies has always been a key factor in gaining competi-
tive advantage. Several are the aspects that designers need
to consider when designing quality inspections, including
the typology of production as well as the typology of con-
trols. To date, the assessment of performances of offline
inspections in low-volume productions is still critical due
to the complexity of the process, resulting in (1) possible
interactions between process and inspection variables and
(2) potential inspection errors. By considering these issues,
this paper attempted to answer the following research ques-
tion (RQ): “How to quantify offline inspection effectiveness
when the interactions between process and inspection vari-
ables and the inspection errors may not be neglected?”. To

@ Springer

address this question, a general methodology is proposed
throughout the manuscript to evaluate and predict, from
the early stages of inspection design, the offline inspection
effectiveness under variables interactions and inspection
errors. The method is based on a probabilistic model for
defect prediction based on the relationships between process
variables and output variables inspected on the final product
(i.e., quality characteristics). From the early design phases
of inspection planning, model probabilities can be estimated
using a self-adaptive approach that allows for up-to-date and
accurate predictions. This method initially requires the use
of available historical data, also related to productions simi-
lar to the one considered, and then includes experimental
data that are progressively collected to enhance the accuracy
of estimates. Moreover, an effectiveness performance indi-
cator is proposed, together with a method for evaluating its
variability, to assist designers in the early design stages of
inspection planning. An excerpt of application of the method
to a real case study in the field of Additive Manufacturing
processes is proposed. The findings reported in this study
revealed that evaluating inspection effectiveness by consid-
ering or not the interaction amongst output variables leads to
comparable results. This is because low-volume productions
under nominal working conditions are considered, where
the probability of occurrence of defects and that of inspec-
tion errors is typically low. From an operational perspective,
neglecting the interaction between output variables means
slightly overestimating the number of defects not detected
by the inspection strategy. However, this can be considered
a reasonable approach in most real cases, also given the
limited number of parts produced. As a result, inspection
designers can, as a first approximation, avoid estimating the
joint probabilities of occurrence of defects and still obtain
reasonable estimations of inspection effectiveness. The pro-
posed approach can be applied to (1) evaluate the perfor-
mance of alternative inspection strategies in terms of effec-
tiveness, (2) select the most appropriate according to the
manufacturer requirements, and (3) stimulate the improve-
ment of each inspection methods adopted in the inspection
strategies with the goal of achieving zero-defects.

Some limitations of this study have to be highlighted.
First of all, the proposed model and related performance
measure require the estimation of some not-so-easily-quanti-
fiable probabilities. Thorough knowledge of the process, the
operator/inspector experience and preliminary experimental
tests can help overcome this issue. Secondly, the validation
of the method would require a long time given the low pro-
duction volume, as in the case of AM processes. However,
a preliminary validation can be performed by collecting
real data of similar parts produced with the same technol-
ogy, characterized e.g., by similar geometries, materials
and application fields. Future research steps will include
implementing the proposed methodology to sheet metal
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production, which allows scalability and taking into account
errors that are mutually dependent. Besides, the authors are
planning to extend this methodology to evaluate the overall
inspection costs and include it within a broader costs' assess-
ment related to the entire product life cycle.

Funding Open access funding provided by Politecnico di Torino within
the CRUI-CARE Agreement. This work has been partially supported
by the "Italian Ministry of Education, University and Research", Award
"TESUN-83486178370409 finanziamento dipartimenti di eccellenza
CAP. 1694 TIT. 232 ART. 6".

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Yang C-C, Chen B-S (2004) Key quality performance evaluation
using fuzzy AHP. J Chin Inst Ind Eng 21:543-550
2. Zhao F, Xu X, Xie SQ (2009) Computer-aided inspection plan-
ning—the state of the art. Comput Ind 60:453-466
3. Mohammadi M, Siadat A, Dantan J-Y, Tavakkoli-Moghaddam
R (2015) Mathematical modelling of a robust inspection pro-
cess plan: Taguchi and Monte Carlo methods. Int J Prod Res
53:2202-2224
4. Montgomery DC (2012) Statistical quality control, 7th edn. Wiley,
New York
5. Mandroli SS, Shrivastava AK, Ding Y (2006) A survey of inspec-
tion strategy and sensor distribution studies in discrete-part manu-
facturing processes. IIE Trans 38:309-328
6. Colledani M, Tolio T, Fischer A et al (2014) Design and manage-
ment of manufacturing systems for production quality. CIRP Ann
Technol 63:773-796
7. Eger F, Reiff C, Brantl B et al (2018) Correlation analysis methods
in multi-stage production systems for reaching zero-defect manu-
facturing. Procedia CIRP 72:635-640
8. Lanz M, Tuokko R (2017) Concepts, methods and tools for indi-
vidualized production. Prod Eng 11:205-212
9. Neu H, Hanne T, Miinch J et al (2002) Simulation-based risk
reduction for planning inspections. In: International conference
on product focused software process improvement PROFES 2002.
Springer, 9-11 December, Rovaniemi, Finland, pp 78-93. ISSN:
0302-9743, ISBN: 3-540-00234-0
10. Shiau Y-R (2003) Inspection allocation planning for a multiple
quality characteristic advanced manufacturing system. Int J Adv
Manuf Technol 21:494-500
11. Verna E, Genta G, Galetto M, Franceschini F (2021) Inspection
planning by defect prediction models and inspection strategy
maps. Prod Eng. https://doi.org/10.1007/2Fs11740-021-01067-x

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

. Genta G, Galetto M, Franceschini F (2020) Inspection procedures

in manufacturing processes: recent studies and research perspec-
tives. Int J Prod Res 58:4767-4788

Tzimerman A, Herer YT (2009) Off-line inspections under inspec-
tion errors. IIE Trans 41:626—641

Tirkel I, Rabinowitz G, Price D, Sutherland D (2016) Wafer fabri-
cation yield learning and cost analysis based on in-line inspection.
Int J Prod Res 54:3578-3590

Azadeh A, Sangari MS, Sangari E, Fatehi S (2015) A particle
swarm algorithm for optimising inspection policies in serial mul-
tistage production processes with uncertain inspection costs. Int
J Comput Integr Manuf 28:766-780

Wang W (2009) An inspection model for a process with two types
of inspections and repairs. Reliab Eng Syst Saf 94:526-533
Kang CW, Ramzan MB, Sarkar B, Imran M (2018) Effect of
inspection performance in smart manufacturing system based
on human quality control system. Int J] Adv Manuf Technol
94:4351-4364

Ho LL, Trindade ALG (2009) Economic design of an X chart for
short-run production. Int J Prod Econ 120:613-624

Trovato E, Castagliola P, Celano G, Fichera S (2010) Economic
design of inspection strategies to monitor dispersion in short pro-
duction runs. Comput Ind Eng 59:887-897

Galetto M, Verna E, Genta G, Franceschini F (2020) Uncertainty
evaluation in the prediction of defects and costs for quality inspec-
tion planning in low-volume productions. Int J] Adv Manuf Tech-
nol 108:3793-3805

Galetto M, Verna E, Genta G (2020) Accurate estimation of pre-
diction models for operator-induced defects in assembly manufac-
turing processes. Qual Eng 32:595-613

Franceschini F, Galetto M, Genta G, Maisano DA (2018) Selec-
tion of quality-inspection procedures for short-run productions.
Int J Adv Manuf Technol 99:2537-2547

Genta G, Galetto M, Franceschini F (2018) Product complexity
and design of inspection strategies for assembly manufacturing
processes. Int J Prod Res 56:4056-4066

Verna E, Genta G, Galetto M, Franceschini F (2021) Defect pre-
diction models to improve assembly processes in low-volume
productions. Procedia CIRP 97:148-153

Verna E, Genta G, Galetto M, Franceschini F (2020) Defect pre-
diction model for wrapping machines assembly. In: Proceedings
of the 4th international conference on quality engineering and
management. 21-22 September, University of Minho, Braga, Por-
tugal, pp 115-134. ISSN: 21843481, ISBN: 978-989549110-0
Verna E, Genta G, Galetto M, Franceschini F (2020) Planning
offline inspection strategies in low-volume manufacturing pro-
cesses. Qual Eng 32:705-720

Galetto M, Genta G, Maculotti G, Verna E (2020) Defect prob-
ability estimation for hardness-optimised parts by selective laser
melting. Int J Precis Eng Manuf 21:1739-1753

Gibson I, Rosen DW, Stucker B (2010) Additive manufacturing
technologies. Springer, New York

Sufiiarov VS, Popovich AA, Borisov EV et al (2017) The effect
of layer thickness at selective laser melting. Procedia Eng
174:126-134

Delgado J, Ciurana J, Rodriguez CA (2012) Influence of process
parameters on part quality and mechanical properties for DMLS
and SLM with iron-based materials. Int J Adv Manuf Technol
60:601-610

Ardila LC, Garciandia F, Gonzalez-Diaz JB et al (2014) Effect of
IN718 recycled powder reuse on properties of parts manufactured
by means of selective laser melting. Phys Procedia 56:99-107
Asgari H, Baxter C, Hosseinkhani K, Mohammadi M (2017) On
microstructure and mechanical properties of additively manufac-
tured AlSi10Mg_200C using recycled powder. Mater Sci Eng A
707:148-158

@ Springer


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1007/2Fs11740-021-01067-x

172

Production Engineering (2022) 16:157-172

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

Lutter-Giinther M, Gebbe C, Kamps T et al (2018) Powder recy-
cling in laser beam melting: strategies, consumption modeling and
influence on resource efficiency. Prod Eng 12:377-389

Galetto M, Verna E, Genta G (2021) Effect of process parameters
on parts quality and process efficiency of fused deposition mod-
eling. Comput Ind Eng 156:107238. https://doi.org/10.1016/j.cie.
2021.107238

Zaeh MF, Branner G (2010) Investigations on residual stresses
and deformations in selective laser melting. Prod Eng 4:35-45
Duffuaa SO, Khan M (2005) Impact of inspection errors on the
performance measures of a general repeat inspection plan. Int J
Prod Res 43:4945-4967

Tang K, Schneider H (1987) The effects of inspection error on a
complete inspection plan. IIE Trans 19:421-428

Sarkar B, Saren S (2016) Product inspection policy for an imper-
fect production system with inspection errors and warranty cost.
Eur J Oper Res 248:263-271

De Ruyter AS, Cardew-Hall MJ, Hodgson PD (2002) Estimating
quality costs in an automotive stamping plant through the use of
simulation. Int J Prod Res 40:3835-3848. https://doi.org/10.1007/
s11740-021-01067-x

JCGM 100:2008 (2008) Evaluation of Measurement Data—Guide
to the Expression of Uncertainty in Measurement (GUM). JCGM,
Sévres, France

Devore JL (2011) Probability and Statistics for Engineering and
the Sciences. Cengage learning, Boston, USA

Ferrell WG Jr, Chhoker A (2002) Design of economically optimal
acceptance sampling plans with inspection error. Comput Oper
Res 29:1283-1300

Collins RD Jr, Case KE, Kemble Bennett G (1973) The effects of
inspection error on single sampling inspection plans. Int J Prod
Res 11:289-298

Cox DR (1984) Interaction. Int Stat Rev 52:1-24

@ Springer

45.

46.

47.

48.

49.
50.

51.

52.

53.

54.

55.

Khan M, Jaber MY, Bonney M (2011) An economic order quantity
(EOQ) for items with imperfect quality and inspection errors. Int
J Prod Econ 133:113-118

Dorris AL, Foote BL (1978) Inspection errors and statistical qual-
ity control: a survey. AIIE Trans 10:184-192

Schervish MJ (2012) Theory of statistics. Springer, New York
Hutmacher DW, Sittinger M, Risbud MV (2004) Scaffold-based
tissue engineering: rationale for computer-aided design and solid
free-form fabrication systems. TRENDS Biotechnol 22:354-362
EOS GmbH (2011). http://www.eos.info/en. Accessed 1 May 2011
Hadadzadeh A, Baxter C, Amirkhiz BS, Mohammadi M
(2018) Strengthening mechanisms in direct metal laser sintered
AlSil0Mg: comparison between virgin and recycled powders.
Addit Manuf 23:108-120

Basalah A, Esmaeili S, Toyserkani E (2016) On the influence
of sintering protocols and layer thickness on the physical and
mechanical properties of additive manufactured titanium porous
bio-structures. ] Mater Process Technol 238:341-351

Xu W, Brandt M, Sun S et al (2015) Additive manufacturing of
strong and ductile Ti-6Al-4V by selective laser melting via in situ
martensite decomposition. Acta Mater 85:74-84

Calignano F (2018) Investigation of the accuracy and roughness
in the laser powder bed fusion process. Virtual Phys Prototyp
13:97-104

Chen Z, Wu X, Tomus D, Davies CHJ (2018) Surface rough-
ness of selective laser melted Ti-6Al-4V alloy components. Addit
Manuf 21:91-103

Colosimo BM, Cavalli S, Grasso M (2020) A cost model for the
economic evaluation of in-situ monitoring tools in metal additive
manufacturing. Int J Prod Econ 223:107532

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.1016/j.cie.2021.107238
https://doi.org/10.1016/j.cie.2021.107238
https://doi.org/10.1007/s11740-021-01067-x
https://doi.org/10.1007/s11740-021-01067-x
http://www.eos.info/en

	Performance measurement for offline inspections under variable interactions and inspection errors in low-volume production
	Abstract
	1 Introduction
	2 Problem statement in a real case application
	3 Process and inspection modelling
	3.1 Defective-output probability 
	3.1.1 Continuous input variables
	3.1.2 Discrete input variables

	3.2 Self-adaptive approach to estimate defect and inspection error probabilities

	4 Performance assessment of inspection strategies
	4.1 Interaction between model variables
	4.1.1 Inspection effectiveness

	4.2 Variability evaluation of performance measures

	5 Case study application
	6 Conclusion
	References




