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Abstract

Product technologies are changing rapidly in advanced automotive propulsion systems. These products are driving the need for new manufac-
turing processes and new inspection methods. To keep new propulsion systems affordable and ensure these new products are introduced with high
quality, automotive manufacturers are seeking automated inspection solutions with low cost and near-zero error rates to inspect 100% of the items.
In this paper, a progressive deployment strategy of a hybrid inspection system is presented and studied in the context of technology development
and rapid deployment. It enabled us to begin with human inspection and gradually phase-in automated inspection technology, while almost never
failing to identify a bad item. This strategy was applied successfully to inspect ultrasonic welds in lithium ion battery packs. At the time of this
study, a 75% reduction in human inspection was achieved with prospects for further reduction. Actual results from the implementation of this
strategy in production are presented. Recommendations are made regarding the most appropriate time to employ this strategy and how it could
increase the use of advanced automated in-line inspection technologies.
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1. Introduction

Automotive products and processes have been changing
rapidly. These changes include advances in pure battery-electric
systems, hybrid-electric, fuel cells, �ex-fuel engines, clean
diesel, and compressed natural gas, to name a few. These new
products have come with many new manufacturing challenges
which are driving the need for new advanced manufacturing
processes and associated inspection methods. To keep costs
down and ensure these new technologies are introduced with
high quality, automotive manufacturers require low-cost auto-
mated inspection solutions with near-zero Type I (false alarm)
and Type II (false acceptance) error rates. This is consistent
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with the trend towards Zero Defect Manufacturing (ZDM) [1].
However, since the product and manufacturing processes are
new, reliable automated inspection solutions often do not exist.
In such cases, manufacturers must rely on manual inspection
methods until new automated methods are developed. Depend-
ing on the application [2, 3], it may take several years until a
viable automated solution is ready for production implementa-
tion.

Manual inspection has important strategic advantages and
limitations when compared to automated systems. Manual in-
spection systems require little investment to implement. Hu-
mans are highly �exible and adaptable to changes [4]. Hu-
man inspectors are generally better at classifying observable
defects [2, 3] as acceptable or not [5–7]. Therefore, manual in-
spection can be employed rapidly and can be used to respond
to any urgent need for quality inspection. However, manual in-
spection drives additional labor expense. It also may have less
consistent performance (i.e., error rates) due to several factors
including: differences between inspectors, the time allotted for2213-8463 c
 2024 The Authors. Published by ELSEVIER Ltd.
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inspection, training, vigilance decrement, the probability of a
defect occurring, and others [8–10].

Increasing levels of automation and computerization and ar-
tificial intelligence allow manufacturers to employ automated
in-line inspection technologies for quality verification. Auto-
mated systems have several benefits including reducing labor
costs, providing more consistent performance over time, and
improved performance in searching to identify possible de-
fects [5–7]. In our experience, automation also drives higher
investment costs and requires substantial development and im-
plementation time for new inspection tasks. Table 1 provides a
comparison of selected attributes of fully manual in comparison
with fully automated inspection technologies. Other more com-

Table 1. Selected characteristics of manual and automated inspection.

Characteristics Manual Inspection Automated Inspection

Cost Low capital, high labor High capital, low labor

Flexibility High Low

Overall performance Varies by operator,
affected by fatigue/

boredom

Consistent perfor-
mance and error
rates

Potential defect identi-
fication

May overlook some
potential defects

More consistent iden-
tification of potential
defects

Defect classification
accuracy

Generally, will have
Fewer false alarms

May result in more
false alarms

Technology develop-
ment

Little or no develop-
ment time

Requires more devel-
opment time

Maintenance Low complexity and
maintenance

Higher complexity and
maintenance

Data recording Less data; might in-
clude errors

More data with greater
accuracy

Problem solving Humans can problem
solve and make as-
sociations with other
events

Not able to solve un-
foreseen problems

Ergonomics Potential concerns
with repetitive motion
disorders and eye
strain

No ergonomic con-
cerns

Artificial Intelligence
readiness

Low High

prehensive taxonomies and comparisons between manual and
automated inspection technologies can be found in [11, 12].

In the automotive industry, business decisions and strategy
around inspection technology have been conservative. Tradi-
tionally, manual inspection and automated inspection have been
considered mutually exclusive. One is a substitute for another,
“winner-take-all”. If automated systems with mature technol-
ogy will operate with lower cost, higher throughput, and lower

error rates than humans, manufacturers seek to replace manual
inspection with automated inspection [13]. Up until that point
of maturity, automated inspection systems are typically not im-
plemented. Unfortunately, it takes a long time to develop new
automated inspection technology to the required level of matu-
rity needed to replace manual inspection. Although the winner-
take-all strategy is reasonable regarding managing the introduc-
tion of new inspection technology, we have found that it may be
overly conservative. It does not allow a manufacturer to realize
any benefit from less mature automated technologies which can
take on at least a portion of the inspection workload. Further-
more, this strategy may result in a failure to implement new au-
tomated inspection capabilities if the performance requirement
cannot be met in time.

In our case, we were presented with a challenging time con-
straint as we were developing a new battery tab weld inspec-
tion technology. In response, we devised a new progressive
deployment strategy utilizing a hybrid inspection configura-
tion [7, 9, 14–17] that allowed the manufacturing plant to ben-
efit from even partially performing automated inspection tech-
nology [18] in time. The benefit of this strategy then increased
over time as the inspection technology was improved through
learning while in a production setting.

Implementation of our progressive deployment strategy be-
gan with 100% manual inspection. We then introduced the new
automated inspection strategy, albeit at its infancy, in a tandem
configuration with a manual inspection system. In this tandem
configuration, the goal of the automated system is to reduce the
defect search space for the human inspector by screening the
obviously good items. The manual classifier would then focus
on the not good, or “suspect” pool of items and classify them
into good and bad. This approach reduced the overall work-
load on the operation and allowed a longer inspection time that
could drive up the accuracy of the human inspector. The hybrid
inspection system also allowed automated inspection to be in-
troduced sooner with low risk, even when the technology was
not mature enough to stand on it’s own. Additionally, the au-
tomated system could learn faster from the manual inspection
results on real manufacturing data. In the progressive deploy-
ment strategy, if and when the automated system reached a ma-
turity level to match or beat the manual inspection system, the
automated system could be used to replace the manual one.

Our progressive deployment strategy was closely aligned
with the concept of ZDM, where the goal was to dramatically
improve the robustness of manufacturing processes through
data driven methodologies [19]. The ultimate objective of ZDM
was to not produce any products that did not fall within engi-
neering specifications. Azamfirei et. al. [1] and Psarromatis
et. al. [19] provided insights and comparisons of ZDM ap-
proaches through state of the art surveys using advanced bib-
liometric analysis. Each study examined literature using simi-
lar search phrases and different but overlapping periods of time
(1987–2018, and 2011–2022, respectively). It is important to
note that, in spite of the overlap in search terms and time period
the results were quite different. Among the nearly 500 papers
analyzed in both studies there were only four in common. The
study in [1] spanned the more recent time period from 2011–
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2022 with slightly less than half of the papers published in the
first eight years and the remaining papers published in 2019–
2022. We believed this was due to an increased interest in the
general topic and better understanding of where and why to im-
plement such methodologies.

Both [1] and [19] classified inspection systems along the di-
mensions or strategies of predict, detect, prevent, and repair.
Azamfirei et. al. classified “detect” and “predict” as triggering
strategies, while “prevent” and “repair” were action strategies.
Our approach was aligned with this philosophy. However, the
lines between “detect” and “predict” were blurred in and Indus-
try 4.0 implementation. Both required data streams to operate
and while one might be a direct observation while the other was
an inference, both had the same effect.

Hybrid inspection methods have been used for a number of
years as a means to improve overall reliability [7, 9, 14–17]. For
faster implementation of our inspection technology, we imple-
mented a special case of hybrid inspection, namely a cascad-
ing approach of an automated “predict-prevent” system used
to identify components that need further inspection, and then a
manual “detect-prevent” inspection step to interrogate this re-
duced set of components.

Upon review of available literature, we believe that using this
progressive strategy for hybrid inspection technology deploy-
ment and improvement is relatively new and unique, and there-
fore warrants further analysis and study. We identified prior
work such as [19], which pointed to utilizing input from hu-
man inspectors to improve system classification performance.
However, a recent literature survey of 145 articles on ZDM
from 2011 to 2022 [1] did not mention the concept of em-
ploying hybrid inspection systems to improve inspection per-
formance and to speed the development and implementation of
new inspection technology. Furthermore, although technology
learning concepts that differentiated the benefits of learning-by-
research and learning-by-doing have been described in litera-
ture related to energy technology innovation [20–22] and en-
terprise resource planning implementation [23, 24], we did not
find, outside of our work, that these concepts have found their
way into manufacturing inspection system technology deploy-
ment.

In this paper, we introduce our approach of progressive de-
ployment of a hybrid inspection system which was motivated by
the philosophy of process monitoring for quality [18]. In Sec-
tion 2 we introduce the general understanding of inspection sys-
tem performance from the perspective of error analysis. Then,
we contrast the manual/automated inspection system with the
hybrid inspection system. We also show how the error behavior
progresses in the hybrid system. The focus of Section 3 is de-
ployment strategy. We describe the winner-take-all strategy and
our progressive deployment strategy, and discuss the benefits
of using the latter with the help of some mathematical models.
Finally in Section 4 we include results from a real manufactur-
ing process where we used the progressive deployment strategy.
Section 5 contains our concluding remarks.

2. Inspection Systems

Choosing an inspection system is largely governed by char-
acteristics of the errors observed by the classification. In a bi-
nary classification task where items are being labeled as two
classes, “good” or “bad”, there are two kinds of errors rates,
α and β (α, β 2 [0, 1]) [25]. The α error rate, also known as
the Type I error rate, is the rate of falsely rejecting a good item
thinking it is bad. The β error rate, also known as Type II er-
ror rate, is the rate of falsely accepting a bad item thinking it is
good. While no inspection system can be error free, the chosen
one optimizes these errors depending on business objectives.

The two errors are not independent. Minimizing one might
come at the expense of increasing the other. Consider a manu-
facturing process where good and bad items are made and an
aspect of the item (a feature), could be color, or dimension, is
being monitored for quality inspection. The feature of the good
items, in this example, are normally distributed with a certain
mean and variance, and that of the bad items are also normally
distributed but with different mean and variance, as shown in
Figure 1(a). In this illustration, any item with its feature value
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Figure 1. Features from good and bad items as two normal distributions.

below a certain threshold is considered bad. Note that there is
a certain probability of making good items that can fall below
the threshold. Those items get wrongly classified as bad and
the probability of that happening is α. Similarly, bad items can
have feature values that are beyond the threshold, which will
lead to accepting them as good items. The probability of that
happening is β. When these error rates are not acceptable, we
can choose to monitor a different feature such that the sepa-
ration of the two distributions is increased as shown in Fig-
ure 1(b), reducing both errors. When such a feature is not avail-
able/observable, we can adjust our threshold to reduce one er-
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Figure 2. Receiver operating characteristics.

ror, often the one that costs more, at the expense of the other in
order to reduce our overall cost of making errors.

The performance of an inspection system can be summa-
rized in a receiver operating characteristic (ROC) curve [25]
as shown in Figure 2. In the figure, there are three ROC curves,
corresponding to three different classifiers. Each ROC curve de-
notes the performance of a classifier by plotting α versus 1 � β
for all possible threshold values. Each point on a ROC curve
correspond to a specific threshold. Given a classifier, one can
determine the error tradeoff from an ROC curve. A simultane-
ous reduction of both errors is only possible by improving the
classifier, by changing the classification rule and/or the feature
being monitored.

A confusion matrix could be used to summarize the errors
for an inspection system deployed in a manufacturing process
making n items of which ng are good and nb are bad, i.e.
n = ng + nb. It can be used to summarize the outcome of an
inspection, as shown in Table 2. To calculate the probability of

Table 2. Confusion matrix.

true #
∣∣∣ classified! “Good” “Bad” Row Total

Good n̂gjg n̂bjg ng = n̂gjg + n̂bjg
Bad n̂gjb n̂bjb nb = n̂bjb + n̂gjb
Column total n̂g = n̂gjg + n̂gjb n̂b = n̂bjg + n̂bjb n = ng + nb = n̂g + n̂b

errors, the row labeled “Good” needs to be normalized by ng

and the row labeled “Bad” needs to be normalized by nb. Fi-
nally, the confusion matrix may be row-scaled and expressed in
terms of the error performance as shown in Table 3. In an ideal

Table 3. Row-scaled confusion matrix.

true #
∣∣∣ classified! “Good” “Bad”

Good (1 � α) =
n̂gjg

ng
α =

n̂bjg

ng

Bad β =
n̂gjb

nb
(1 � β) =

n̂bjb

nb

scenario, with α = β = 0, the row-scaled confusion matrix
would be an identity matrix.

2.1. Traditional Inspection System

In a traditional inspection system, an item is inspected ei-
ther by a human operator or a machine. In a manufacturing
framework, such an inspection system produces a work�ow
as shown in Figure 3. If a manual inspection system is uti-
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Figure 3. Traditional inspection system.

lized, the complete “quality inspection” function would be per-
formed by human inspectors and the features used must be hu-
man observable. The corresponding error rates are αM and βM .
In an automated inspection system, the complete “quality in-
spection” function is performed by a computer system. It could
use directly observable features or their surrogates as described
in [2, 18]. The automated inspection system might deploy sev-
eral different classifiers in an ensemble with final decision error
rates of αA and βA.

2.2. Hybrid Inspection System

A hybrid inspection system combines automated inspection
technology with human inspection to achieve improved inspec-
tion performance [7, 9, 14–17]. A hybrid inspection system
could be based on a two part pass/fail classification where
the the first classifier uses an automated process to screen the
“good” from the “suspect” and the second test, the manual test,
scrutinizes the “suspect” to come to a final pass/fail decision as
shown in Figure 4. The decision process and associated prob-
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Figure 4. Hybrid inspection system.

abilities that underlie the counts in a confusion matrix can be
shown in a probability tree. Figure 5 shows a probability tree
for a hybrid inspection system. The probability tree consists of
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Figure 5. Probability tree for a hybrid inspection system.

segments and nodes. The initial node (on the left) indicates the
creation of the item that is good with probability 1 � ρ and bad
with probability ρ. When a good item is inspected using an au-
tomatic method, the probability that it is classified as “good”
is (1 � ρ)(1 � αA). This value is associated with node 1 in the
Figure and contributes to the n̂gjg cell in the confusion matrix
in Table 3. Nodes 1, 2, 3, and 4 contribute directly to the con-
fusion matrix in Table 4. The probability at each terminal node

Table 4. Confusion matrix for first part, automated classification.

true #
∣∣∣ classified! “Good” “Bad”

Good n(1 � ρ)(1 � αA) n(1 � ρ)αA
Bad nρβA nρ(1 � βA)

is the product of the probabilities that are associated with each
segment that constitutes its path. In the context of the hybrid
inspection system, the items that would be called “bad” in a tra-
ditional classification (nodes 2 and 4) are called “suspect” after
the first part. Nodes 1, 5, 6, 3, 7 and 8 contribute to the hybrid
classification whose confusion matrix is given in Table 5. Nor-

Table 5. Confusion matrix for hybrid classification.

true #
∣∣∣ classified! “Good” “Bad”

Good n(1 � ρ)(1 � αAαM) n(1 � ρ)αAαM
Bad nρ(βA + βM � βAβM) nρ(1 � βA)(1 � βM)

malization of this table results in the final row-scaled confusion
matrix with the error rates for the hybrid inspection system as
shown in Table 6, where αH and βH are the error rates for the
hybrid inspection system. Examining the row-scaled confusion
matrix, we can draw the following conclusions.

� The α-error rate for the hybrid system is no worse than
either system when used traditionally, i.e. αH � αA and
αH � αM .

Table 6. Confusion matrix for hybrid classification.

true #
∣∣∣ classified! “Good” “Bad”

Good 1 � αH = 1 � αAαM αH = αAαM
Bad βH = βA + βM � βAβM 1 � βH = (1 � βA)(1 � βM)

� The β-error rate of the hybrid system is no better than
either system when used traditionally, i.e. βH � βA and
βH � βM .

� An improvement in the manufacturing process by reduc-
ing ρ would reduce the overall count in the errors.

� The hybrid inspection system reduces the manual inspec-
tion by a factor of ((1 � ρ)αA + ρ(1 � βA)).

3. Deployment Strategy

3.1. Winner-take-all Deployment Strategy

The traditional deployment strategy for new inspection tech-
nology is winner-take-all. There are only two possible sys-
tems that are implemented as solutions. The deployment would
start with a manual inspection system and utilize data gathered
from that system to support the building and benchmarking of
a new automated system. In parallel, a research and develop-
ment project would attempt to develop an automated inspec-
tion system that could outperform the manual one. Once the
automated system is developed to the point where it could out-
perform the manual one, it is implemented as a replacement.
Otherwise, the manual system remains. The �ow of this logic is
shown in Figure 6. In practice, development of an all-new au-
tomated inspection system might require years of development
until it could outperform a human inspector. Therefore, in this
“winner-take-all” approach, the automated system might never
be mature enough to replace the manual method during the lim-
ited life of a specific product line for which it was being de-
veloped. Even if the automated technology could provide some
useful information, the winner-take-all implementation strategy
provides no means to derive benefit from it. This might result
in wasted research and development effort and missed opportu-
nity.

3.2. Progressive Deployment Strategy

Our deployment approach provides a means to gradually in-
troduce a new automated system, as shown in Figure 7. We
started production with the manual system and utilized the in-
spection results to build and benchmark the automated system.
The cost of missing a bad weld was tremendous, from a product
quality, warranty cost, and customer satisfaction perspective.
Hence, our objective was to design a system with βA = 0. Any
classifier could achieve β = 0 if α = 1. In order to limit α, we set
an upper threshold α̂A. Once αA < α̂A was satisfied, we could
insert the automated inspection system in tandem with manual
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ual Inspection

Develop automated in-
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βA � βM
and

αA � αM
?

Replace manual inspec-
tion with automatic
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yes

no

Figure 6. Winner-take-all deployment strategy.

inspection, creating the hybrid inspection system as shown in
Figure 4. During the time the hybrid system was operational,
its α-error rate was monitored with the objective of error reduc-
tion. If αA would have fallen below a certain acceptable error
limit of α�A, the manual system could have been removed and
the automated system could have taken over. In other words,
the hybrid system operates with βA = 0 and α�A � αA � α̂A.

3.3. Bene�ts

The hybrid inspection system enables the progressive de-
ployment strategy. Progressive deployment allows for early in-
sertion of automated inspection systems in production and then
allows a risk-free trial period during which the automated sys-
tem could be incrementally improved.

While automated systems rely on a large volume of training
data, it is also essential that the chosen system has the ability to
converge. In other words, the correct classifier rule(s) and the
discriminating features have been chosen [18]. The choice of
this is performed by humans, and humans have a technology
learning curve [26–28] which can be represented by a power
law

αA[m] = αA[1](m)�x,

Start

Implement Man-
ual Inspection

Initiate digital data ac-
quisition for automated
inspection technology

Develop/improve automated
inspection technology

βA = 0
and

αA � α̂A
?

Implement hybrid
inspection system

Improve automated
inspection system

βA = 0
and

αA � α
�
A

?

Remove manual system and
run only automated system

Stop

yes

no

yes

no

Figure 7. Progressive deployment strategy.

according to [26, 27]. Here, αA[m] is the α-error rate after in-
specting m � n items and x is the learning rate parameter. One
could think of m as an epoch and with every passing epoch there
is more data to train on and more experience for the people de-
veloping the system.

While improvements are made to the automated system, the
human inspector simply inspects a few less welds as concluded
in Section 2.2. Given a target takt time T for the manufacturing
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line, the allotted time for inspecting each weld by ni inspectors
is,

t =
niT
n

(
1

(1 − ρ)αA + ρ(1 − βA)

)
=

niT
nγ

The reduction factor in welds to inspect γ = (1−ρ)αA+ρ(1−βA)
is obtained from Table 4. With decreasing αA, the inspector(s)
have more time to carefully inspect the weld.

Experiments on test error rates in manual inspection have
determined that test error rates can be impacted by several fac-
tors including differences between inspectors, the time allotted
for inspection, training, vigilance decrement, the probability of
a defect occurring, and others [8–10]. However, one of the most
important and quantifiable factors is the time allotted for inspec-
tion [4, 10]. More specifically, the probability of detection is
very sensitive to time limitations, and external pacing of inspec-
tion task might increase errors [8]. Likewise, the probability of
detecting a defect increases as the time to inspect increases [4]
within a range. In manufacturing operations where inspection
times are brief (e.g., less than one minute) and external pacing
is utilized. This impacts the accuracy of the inspection. Proba-
bility of detecting a defect (Pd) is related exponentially to al-
lotted time t in an overall inspection task [4, 29] and can be
modeled as

Pd = 1 − exp
(
−

t
t̄

)
,

or

Pd = 1 −
(
k −

exp(yt)
1 + exp(yt)

)

where t̄, k and y are modeling parameters. Allowing more time
t to inspect therefore increases the probability of detection of
defects.

In addition, with a sufficient increase in t that could be driv-
ing Pd ! 1, it provides an opportunity to reduce ni from this
task. Every bit of error reduction would result in benefits in-
cluding labor efficiency gains, improved reliability of the in-
spection system, and a reduction in ergonomic concerns. In ad-
dition, electronic data collected routinely from the automated
system and classified by the human inspector contributes to
training the automated system. System data was also analyzed
to identify opportunities for weld process improvements. Anal-
yses include root cause identification for defect reduction, weld
process variation reduction, and tool life analysis. Without the
hybrid system, this data would not have been available.

On the other hand, the worst case scenario could lead to αA �

1, implying γ ! 1, which would be similar to 100% manual
inspection.

The impact of the hybrid system form an overall production
quality was significant. In Table 6 we establish the relationship

of of the errors of the hybrid system with the individual systems.

αH = αAαM

βH = βA + βM − βAβM

The α error obviously was reduced by cascading the two sys-
tems. In fact, the human inspectors were trained for αM ! 0, re-
sulting in αH � 0. The automated system was tuned for βA = 0,
resulting in βH = βM . The excess allowed time and the well
designed interface enabled βM ! 0.

4. Case Study

The problem at hand was to inspect ultrasonically welded
battery tabs of Li-ion battery pack used in a vehicle [18]. Each
battery pack had 192 ultrasonic welds that were necessary for
joining battery cells to the buss bars on the interconnect boards
(Figure 8). Each cell tab had one copper tab and one aluminum

(a) Battery Cell. (b) Top of battery module
highlighting the buss bars on
the interconnect board where
battery cell tabs are welded.

(c) Battery pack with cover. (d) Battery pack without cover.

Figure 8. Views of Li-ion battery pack.

tab. Half of the welds in the battery pack joined copper cell tabs
to the copper buss bar and the other half joined aluminum cell
tabs to the copper buss bar. Since the tab connections created
an electrical series circuit, every single weld had to be good for
the pack to work. Therefore, it was determined that 100% in-
line inspection was necessary. Unfortunately, less than one year
prior to the start of regular production, the only viable method
of inspecting these joints was manual inspection. To avoid the
expected high costs, and ergonomic impacts stemming from the
manual inspection of millions of welds per year, efforts began in
earnest to invent a 100% in-line automated system for verifying
ultrasonic weld joint quality.

After one year of intense development effort, a promising
prototype system based on a novel classification algorithm and
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novel features [30–33] was ready for plant trial. The hardware
and initial software were put in place prior to start of produc-
tion. However, the data needed to train the system and verify the
system’s performance was limited to a relatively small sample
of laboratory data. The defect rate of the process was extremely
low (ρ � 0.15%), making it necessary to collect data for months
of production to train the system. Production had to begin with
manual inspection. The plant could sustain a gradual ramp up to
full production rate over a period of seven months. It was empir-
ically determined during this period that the production defect
rate of copper welds was almost zero, ρCu � 0. So, we needed
a system to verify the Aluminum welds with ρAl � 0.002.

The specification for the inspection system was to have low
α, but β = 0. The cost of missing a bad weld was very high. De-
spite training using the available data the error rate requirement
was not achieved.

The manufacturing committee decided that α̂A = 0.5 would
be a good insertion point for the automated system. It would at
least cut the manual inspection by half. We observed, modified,
and retrained the system for the first few months, and once we
achieved αA � 0.5, we switched from 100% manual to the hy-
brid mode. Figure 9 shows the errors that the automated system
generated at this initial phase. Once implemented, we observed
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Figure 9. First release of automated inspection system for ultrasonically welded
battery tab joints.

a general decay trend in the αA from all the stations as shown
in Figure 10. This was in alignment with the expectations from
the power law for technology learning in Section 3.3.
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Figure 10. Daily αA, or rate of “suspects” for first 150 days.

During this period, there was progressively more data avail-
able to design and train the classifiers. We utilized all available
data, a growing set, to design and train classifiers. The decay
trend was a compound effect of human and machine learning.

The authors in [4] specified that the errors in detection is
impacted by discriminability of the defect. In our scenario, the
inspectors would pick at the weld to ensure adhesion.

The only other source of error that we observed, was in trans-
ferring the result of the human inspection system to the com-
puter. At first, the implementation was not ideal for the human
inspector, because the numerous “suspect” welds were in ran-
dom positions. A screen with the “suspect” weld locations were
presented, as shown in Figure 11(a). It was challenging for a
human inspector to determine these positions, inspect it, and
report the quality back to the computer system. In addition, the

(a) Initial display for presenting
“suspect” weld positions to the
human inspector. “suspect” welds
are highlighted in red color.

(b) Projected light on battery section
highlights “suspect” welds for
manual inspection.

Figure 11. Tools to enhance human inspection performance.

automated system would occasionally have αA > 0.5 due to
non-stationarity of the process or other unpredicted changes in
the manufacturing process. At that point, it was just faster to
inspect all the welds.

Two months later, a novel projection system [11, 34, 35] was
implemented which directly illuminated the “suspect” weld po-
sitions on a battery module with projected light. Figure 11(b)
shows how the “suspect” welds were indicated by a brighter
yellow light. This interface eliminated the need for the human
inspector to correlate the weld from the screen to the physical
module by having to manually count and determine it’s loca-
tion. As the automated system evolved progressively through
more days where αA reached 30% or less, the benefit of the
hybrid system became apparent. Towards the end, the human
inspector had to only intermittently inspect some welds.

5. Conclusion

In this paper, a progressive deployment strategy of a hybrid
inspection system has been described that was used to inspect
100% of all ultrasonic welds used to connect cell tabs to buss
bars in a Li-ion battery pack. This strategy enabled us to be-
gin with manual inspection and gradually phase-in automated
inspection technology. The strategy began with start of produc-
tion using 100% manual inspection. While the inspection was
manual, the digital record keeping enabled the development of
an automated inspection system. The automated system was de-
signed to miss no bad items and screen out the obviously good
ones. The remaining suspect items were sent for manual inspec-
tion. This reduced the manual search space for an inspector and
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allowed a longer inspection time. Once the automated system
could screen out at least half of the items without mistakes, it
was introduced in the hybrid framework. This approach enabled
accelerated deployment of new automated inspection technol-
ogy and both the systems could benefit from each other.

The mathematical formulation of error trend and human pro-
ficiency models has helped us understand the benefits of the
system and indicated where improvement could be made. Cas-
cading of the automated system reduced initial errors. One
might have thought that the combination of it with the manual
system could increase missed defects, but a combined final un-
derstanding of the hybrid system demonstrated that the system
could actually function at almost zero-error.

After one year of maturity, we observed in our manufactur-
ing facility that we could reduce manual inspection by over 75%
without compromising inspection quality. The results of the ac-
tual implementation demonstrated that the hybrid approach en-
abled a rapid introduction of automated technology which sig-
nificantly improved the labor efficiency of the manual inspec-
tion and minimized the chances for ergonomic concerns. It has
also improved the reliability and consistency of the inspection
process by reducing the search space for the human inspec-
tor. In addition, the hybrid approach and the enhancements in
the human machine interface that it required, was an important
enabler for process improvements because of the capability to
collect large amounts of detailed, well curated process data that
could be analyzed for improvements.

After five years of deployment and investigation in the topic
of non-destructive evaluation of ultrasonic welds, we realized
that it would have taken us years and lost opportunity if we
decided to perfect the automated system before deploying it.

Ultimately, decisions around the right inspection strategy
must consider economics and risk tolerance. For example, the
additional investment cost of the automated system must be
weighed against expected cost savings due to labor efficiency
gains and reduced inspection error rates for human inspectors.
Also, when determining acceptable error rates, one must con-
sider the cost of bad parts being delivered to customers and the
cost of interrupting production with false alarms. The technol-
ogy development cost and improvement rate in the automated
inspection system should also be considered through a learning
analysis before a full assessment of the economics can be made.
Future work should include a comprehensive cost model which
appropriately balances economics, quality risks, and technol-
ogy learning.

Acknowledgments

The Manufacturing Systems portion of this material is based
upon work supported by the Department of Energy under
Award Number DE-EE0002217.

Disclaimer

The Manufacturing Systems portion of this report was pre-
pared as an account of work sponsored by an agency of the

United States Government. Neither the United States Govern-
ment nor any agency thereof, nor any of their employees, makes
any warranty, express or implied, or assumes any legal liability
or responsibility for the accuracy, completeness, or usefulness
of any information, apparatus, product, or process disclosed, or
represents that its use would not infringe privately owned rights.
Reference herein to any specific commercial product, process,
or service by trade name, trademark, manufacturer, or other-
wise does not necessarily constitute or imply its endorsement,
recommendation, or favoring by the United States Government
or any agency thereof. The views and opinions of authors ex-
pressed herein do not necessarily state or re�ect those of the
United States Government or any agency thereof.

References

[1] V. Azamfirei, F. Psarommatis, Y. Lagrosen, Application of au-
tomation for in-line quality inspection, a zero-defect manufactur-
ing approach, Journal of Manufacturing Systems 67 (2023) 1–22.
doi:https://doi.org/10.1016/j.jmsy.2022.12.010.
URL https://www.sciencedirect.com/science/article/pii/

S0278612522002291

[2] C. A. Escobar, M. A. Wincek, D. Chakraborty, R. Morales-Menendez,
Process-monitoring-for-quality — applications, Manufacturing Letters 16
(2018) 14–17. doi:https://doi.org/10.1016/j.mfglet.2018.02.
004.

[3] D. Chakraborty, M. McGovern, NDE 4.0: Smart NDE, in: 2019 IEEE In-
ternational Conference on Prognostics and Health Management, 2019.

[4] C. G. Drury, J. Watson, Good practices in visual inspection, Tech. rep.,
Federal Aviation Administration Flight Standards Service (May 2002).
URL https://www.faa.gov

[5] J. A. Pesante-Santana, J. C. Woldstad, International Encyclopedia of Er-
gonomics and Human Factors, 2nd Edition, Taylor & Francis, 2006, Ch.
Quality Inspection Task in Modern Manufacturing, pp. 2260–2263.

[6] X. Jiang, J. Bingham, R. Master, A. K. Gramopadhye, B. J. Melloy, A
system to understand human-machine function allocation issues in visual
inspection, in: Proceedings of the IEA 2000/HFES 2000 Congress, Vol. 44,
2000, pp. 2–487–2–490.

[7] T. Hou, L. Lin, C. G. Drury, An empirical study of hybrid inspection sys-
tems and allocation of inspection functions, International Journal of Human
Factors in Manufacturing 3 (1993) 351–367.

[8] C. G. Drury, Human factors in aircraft inspection, in: RTO AVT Lecture
Series on “Aging Aircraft Fleets: Structural and Other Subsystem Aspects”,
Sofia, Bulgaria, 2000, published in RTO EN-015.

[9] C. G. Drury, Visual inspection reliability: What we know and why we need
to know it, in: 16th Human Factors in Aviation Maintenance Symposium,
2002.

[10] C. G. Drury, M. Saran, J. L. Schultz, Fatigue and aircraft inspection 1:
Model and simulation, Tech. rep., University of Buffalo, Dept. of Industrial
Engineering (2004).

[11] J. Frohm, V. Lindström, J. Stahre, M. Winroth, Levels of automation in
manufacturing, Ergonomia — an International journal of ergonomics and
human factors 30 (3) (2008).

[12] M. P. Groover, Automation, Production Systems, and Computer-Integrated
Manufacturing, Pearson Higher Education, Inc, 2015.

[13] H. Zaklouta, Cost of quality tradeoffs in manufacturing process andinspec-
tion strategy selection, mathesis, Massachusetts Institute of Technology
(Sep. 2011).

[14] C. G. Drury, M. A. Sinclair, Human and machine performance in an in-
spection task, Human Factors 25 (4) (1983) 391–399.

[15] X. Jiang, A. K. Gramopadhye, B. J. Melloy, L. W. Grimes, Evaluation of
best system performance: Human, automated, and hybrid inspection sys-
tems, Human Factors and Ergonomics in Manufacturing 13 (2) (2003) 137–
152. doi:10.1002/hfm.10031.

https://www.sciencedirect.com/science/article/pii/S0278612522002291
https://www.sciencedirect.com/science/article/pii/S0278612522002291
https://www.sciencedirect.com/science/article/pii/S0278612522002291
https://doi.org/https://doi.org/10.1016/j.jmsy.2022.12.010
https://www.sciencedirect.com/science/article/pii/S0278612522002291
https://www.sciencedirect.com/science/article/pii/S0278612522002291
https://doi.org/https://doi.org/10.1016/j.mfglet.2018.02.004
https://doi.org/https://doi.org/10.1016/j.mfglet.2018.02.004
https://www.faa.gov
https://www.faa.gov
https://doi.org/10.1002/hfm.10031


152 J.P. Spicer et al. / Manufacturing Letters 41 (2024) 143–152

[16] A. K. Gramopadhye, C. G. Drury, J. Sharit, M. Sudit, A framework for
function allocation in inspection, Ergonomics of Hybrid Automated Sys-
tems III (1992).

[17] J. E. See, C. G. Drury, A. Speed, A. Williams, N. Khalandi, The role of
visual inspection in the 21st century, Proceedings of the Human Factors
and Ergonomics Society Annual Meeting 61 (1) (2017) 262–266. doi:

10.1177/1541931213601548.
URL https://doi.org/10.1177/1541931213601548

[18] J. A. Abell, D. Chakraborty, C. A. Escobar, K. H. Im, D. M. Wegner, M. A.
Wincek, Big data driven manufacturing — process-monitoring-for-quality
philosophy, Journal of Manufacturing Science and Engineering 139 (10)
(2017) 101009–1 – 101009–12. doi:10.1115/1.4036833.

[19] F. Psarommatis, D. Kiritsis, A hybrid decision support system for automat-
ing decision making in the event of defects in the era of zero defect manu-
facturing, Journal of Industrial Information Integration 26 (2022) 100263.
doi:https://doi.org/10.1016/j.jii.2021.100263.

[20] G. Faber, A. Ruttinger, T. Strunge, T. Langhorst, A. Zimmermann,
M. van der Hulst, F. Bensebaa, S. Moni, L. Tao, Adapting technology learn-
ing curves for prospective techno-economic and life cycle assessments of
emerging carbon capture and utilization pathways, Frontiers in Climate 4
(2022). doi:10.3389/fclim.2022.820261.

[21] N. Kouvaritakis, A. Soria, S. Isoard, Modelling energy technology dynam-
ics: methodology for adaptive expectations models with learning by doing
and learning by searching, International Journal of Global Energy Issues
14 (2000) 104–115.

[22] A. Elia, M. Kamidelivand, F. Rogan, B. Ó Gallachóir, Impacts of
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