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Abstract

Knowledge assurance and automation solutions become increasingly important in
almost all areas of industrial production. To avoid undesirable effects and to utilise
the full potential of automation, it is crucial to integrate human expert knowledge in
the technology development process. The research objective was to elicit and
formalise expert knowledge and combine the results with a complementary, data-
based approach incorporating technical measurements. Transparent Al models were
used to bring together the human and technical perspectives. Therefore, results of two
studies based on cognitive engineering methods for an exemplary surface treatment
process are presented: (1) A cognitive task analysis and (2) a subsequent expert study
in-depth analysing one of the identified target variables (surface roughness) to
formalise expert knowledge that is difficult to verbalise. To this end, we conducted
experimental tests with experts who assessed the target criterion of presented material
samples. In addition, parameters of the samples were technically measured, and the
data were modelled using Al algorithms. The results illustrate a human-centred
approach to a systematic investigation and digitisation of expert knowledge. Effects
found, furthermore, provide information on important aspects of the design of the
human-machine interface (e.g. possible voice control) for a seamless cooperation
between human and machine.

Introduction

In the transition from industry 4.0 to 5.0, three pillars gain key importance in the
development of industrial automation and digitisation: (1) sustainability and resource
efficiency, (2) agility and flexibility by intelligent production, and (3) human-
centredness (Breque et al., 2021). These principles require a shift from a purely
technological view to a holistic approach incorporating the human perspective in
industrial production environments. Accordingly, the concept of cyber-physical
production systems (CPPS; Lee, 2015) has to be broadened to explicitly include the
human (H) (HCPPS; Madni & Madni, 2018; Bocklisch et al., 2022). Related cognitive
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engineering approaches (e.g. “Human-CoMo”, Bocklisch & Lampke, 2024) go
beyond the user-centred design by showing multiple human roles and highlighting the
relevance of human expertise (e.g. implicit knowledge). Due to the shortage of skilled
workers, automation and knowledge assurance become increasingly important. In this
contribution, we exemplarily address the craft sector, where the shortage of skilled
labour is becoming increasingly apparent (Haller, 2024). The background of the use
case presented here was the development of a hybrid sanding process automation for
a wooden handcraft product. With low sample sizes, complex geometries, high
product variability, and a strong dependence on human expertise, a hybrid automation
solution could contribute to compensate for the shortage of expert craftsmen. The aim
was to automate a specific, repetitive sub-process in the production cycle that is
currently completely manually done using hand tools: The sanding process. The
takeover of sanding processes, which are physically (e.g. noise, sanding dust) and
psychologically (e.g. repetitive) demanding, would contribute to a humane
distribution of tasks.

For sanding, expert knowledge is needed. From a technological point of view,
automated grinding of complex geometries is challenging anyway (Zhu et al., 2020)
and the sanding of wooden materials poses issues due to the characteristics of the
natural material (e.g. varying grain or density; Li et al., 2022). In this context, humans’
sensory skills and holistic classification of wooden surface quality are often
highlighted for process monitoring and quality assessment (e.g. Sinn et al., 2009).
Considering the sensory surface classification from a cognitive and human factors
perspective (Wickens et al., 2013; Proctor & van Zandt, 2018), visual and tactile cues
of surface roughness have to be perceived and classified based on expert knowledge
stored in memory (e.g. classification as ‘too rough’). Afterwards, a decision is made
(e.g. continue sanding) and executed. An automated sanding system could be
considered quite comparable, as it needs to perceive characteristics of the workpiece
via sensors, process this information, derive decisions and finally execute the action
through end effectors (i.e. the sanding tool). To achieve classification results
comparable to human experts and to ensure transparent and comprehensive human-
automation-interactions, human expertise (e.g. differentiation of sanding conditions
based on experience and implicit knowledge) must be integrated adequately in the
system development. Therefore, the formalisation of expert knowledge, a process of
structuring and mapping of human knowledge into models that are suitable for
computer-controlled systems, has to be carried out. (Expert) knowledge can be
basically divided into explicit knowledge, which is conscious and comparably easy to
verbalise, and implicit knowledge, which is unconscious and difficult to articulate
(Dienes & Perner, 1999). In this context, the systematic acquisition and formalisation
of aspects of human expertise choosing appropriate cognitive engineering methods is
decisive and at the same time necessary to derive a human-centred, efficient
automation design allowing a seamless integration of automated processes into the
human workflow. The wood sanding process shown in this contribution is one
example from a wide range of potential applications for the human-centred
methodological approach in industrial production. Wherever the knowledge and
experience of operators play a major role in the (manual) process to be automated or
assisted, formalisation of this expert knowledge matters. Examples in this context
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involve the finishing of metallic components (e.g. in the aircraft industry; Fu et al.,
2017) as well as the support of decision-making processes in different coating
technologies (Bocklisch et al., 2024).

In the early stage of automation development for the exemplary chosen sanding
process for a handcrafted wooden product with a complex geometry, we aim to
demonstrate an approach of integrating expert knowledge via human factors methods.
Following a human-centred approach, this contribution presents two consecutive
studies:

(1) Study I: A cognitive task analysis to derive an overview of the overall
product handcrafting process, a precise definition of the sanding process(es)
to be automated, and extensive expert knowledge (e.g. (sub-)tasks, tools,
parameters, criteria) on these processes.

(2) Study Il: A subsequent experimental study analysing ‘surface roughness’ as
one of the identified target criteria throughout Study | in-depth, comprising
technical measurements as well as human assessments to formalise implicit
expert knowledge concerning the classification of wood samples.

Study I: Cognitive task analysis for the manual sanding process
Study design and method

For the development of the automated system, it was crucial to understand the manual
process. As only little was known about the overall manufacturing process of the
handcrafted wooden product, a cognitive task analysis (Ainsworth, 2004) was
conducted with the following objectives:

e Obtaining an overview of the overall process and precisely identifying the specific
sanding process to be automated (i.e. the target process).

e Collecting and systematising detailed information and expert knowledge about
the target process.

An observation of the target process combined with consecutive video-based
interviews was performed. Data were collected from N =1 expert with extensive
expertise in the application field, characterised by holding a master craftsman’s
certificate and 35 years of experience in the specific wooden handcraft. The procedure
started with informing the participant and obtaining informed consent. Observational
data of the target process (i.e. sanding of the relevant parts of the product) was
collected via protocols and video. The observation took place in the expert’s workshop
as the natural environment, where all required tools were available. The video
recordings were used as means for supporting the consecutive interview. The semi-
standardised interview contained questions about the overall product handcrafting
process and the final identification of the target process for automation as well as
preceding, follow-up, and subsequent processes, which might be affected by the
outcome of the target process. Regarding the target process, the interview included
detailed questions about the manual procedure (compare Fig. 2 for a rough overview).
The data was transcribed, structured and analysed according to the addressed
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objectives. Results of the analysis were discussed with the expert and, if necessary,
adjusted to ensure the validity of the derived information.

Results and discussion

Here, we focus on the results relevant for a general understanding of the human-
centred automation development as well as for the design of Study Il. Therefore,
detailed results (e.g. task analysis diagram illustrating all (sub-)tasks) are not reported
here. In a first step, the sequence of the higher-level processes of the overall product
construction (see Fig. 1) was outlined and further refined for the process to be
automated. Based on the interview, the target process was specified as ‘rough sanding’
of the back and the top of a specific complex product component with sanding paper
of 80 and 120 grit size. This process is preceded by the milling of the component and
followed by its further preparation. Both processes with their corresponding factors
are important to consider in the system design for a smooth integration of the
automation in the overall process. For example, the milling might result in a more or
less rough surface of the component depending on process parameters or wood
characteristics. Similarly, subsequent sanding processes were identified to be
potentially affected by the outcomes of the rough sanding automation.
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Figure 1. Overview of superordinate processes of the construction of the wooden product and
identification of the target process for automation with preceding, follow-up and potentially
affected subsequent processes (represented by arrows with dotted lines; [...] indicates
processing steps not reported here).

Afterwards, detailed expert knowledge about the target process (e.g. environmental
conditions, specifics of the tools) were derived from observational and interview data
(see Fig. 2). Procedural knowledge about tasks carried out during manual sanding with
respective sub-tasks and their sequence was included. Influencing variables (e.g.
wood species, density, grain size as well as direction), process parameters (e.g. path
guidance, pressure) and target criteria (e.g. surface roughness, axial symmetry)
represent expert knowledge categories decisive for the execution and monitoring of
the process. These criteria form a complex set of conditions that determine the
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execution of the manual process. If, for instance, the expert evaluates the workpiece
to have a high density, a rather high pressure during sanding is chosen to achieve the
criterion of a smooth surface in a suitable period of time. In parallel, all other criteria
and process parameters have to be continuously monitored, such as adjusting the tilt
angle depending on the required geometry at a defined location on the workpiece and
considering the axial symmetry of the component.

The implications of the task analysis are summarised in Figure 2. While some
outcomes (e.g. tool specifications) can be directly adopted for the automation, other
aspects (e.g. identified target criteria) uncovered the need for further investigations.
Given the example of the key target criterion ‘surface roughness’, the cognitive task
analysis could not reveal information regarding the detailed roughness assessment
including its specific sensory quantification (e.g. ‘rather rough’) and interpretation
(e.g. ‘too rough for the targeted processing stage’). The acquisition and formalisation
of mostly implicit expert knowledge is a crucial task (Hoffman & Lintern, 2006),
which needs to be achieved by in-depth methods of human-centred engineering. In
Study II, we demonstrate such an approach by exemplary investigating the target
criterion ‘surface roughness’.

) Analysis of the manual process @ Implications for automation development

* Environmental conditions CI:’ Deduction of decision requirements
* Tools & their components (e.g., proximity of automation to manual process)
* Auxiliary means 4% Concepts for human-machine function allocation
. (e.g., roadmap for increasing automation of various functions,
* (Sub-)Tasks & their sequence g P 9 )
* Decisive influencing variables (e.g., {o} Specifications
wood characteristics) (e.g., rotation range of sanding toal, kind of abrasive material)
* Important process parameters (e.g., \{L) Requirements
path guidance, tilt angle, pressure) (e.g., suitable sensors for target criteria, consideration of input
o ! o variables (e.g., wood characteristics), human-centered HMI)
* Target criteria for process monitoring - b dfor further iaati
& quality assessment (e.q., surface & Demand tor turther investigations
roﬁghneyss symmetry, gegometry) (e.g., optimum sanding wheel size, modeling of target criteria
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Figure 2. Overview of expert knowledge aspects about the manual sanding process derived
from the cognitive task analysis (left) and its implications for the automation development

(right).

Study I1: Acquisition and modelling of surface roughness data for in-depth
investigation and joint human-machine combination

Study design and method

The aim of Study Il was three-fold: (1) Technical approach: obtain technical
measurements and a classification model for surface roughness data, (2) human
approach: acquire data of human sensory assessments for surface roughness
conditions and formalise expert knowledge using a classification model, (3) joint
approach: combine technical and human approach in a common classification model.
An experimental study was used for data collection. The following surface roughness
levels representing relevant processing stages were investigated in a one-factorial
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repeated-measures design: ‘Milling’, sanding with <80°, <120°, and ‘150 grit’. The
study consisted of three parts: (1) Preparation of wood samples (four surface
roughness levels) by an expert. (2) Technical measurement of the wood samples using
tactile methods. (3) Human assessment of surface roughness of wood samples. It is
assumed that both measurement approaches, technical and human, provide different
findings. The technical measurements are more precise (um), while human sensory
evaluation based on haptic and visual inspection is more holistic and comparatively
less precise. Nevertheless, it is hypothesised that experts should be able to evaluate
and classify the sanding conditions properly as an integral part of their craft.

(1) Preparation of wood samples. The wood samples were prepared by a master
craftsman with 35 years of experience in the specific handcraft and with the tools
usually utilised in the process. To control for potential influencing variables (i.e. wood
characteristics), all samples were cut from the same raw board of spruce wood with a
dimension of 18 x 40 x 3 cm. Milling was performed by a CNC machine with a two-
edged full radius cutter and directed perpendicular to the grain. Milling conditions
were set to a rotation speed of 14.500 rotations per minute, a feed of 5 m/s, an
immersion depth of 1.5 mm, and a line spacing of 3 mm. For sanding, a flex polisher
was used with a rotation speed of 1.300 rotations per minute (diameter: 12 cm) and a
grit size of 80, 120, or 150 sandpaper, respectively. For each of the four processing
stages, three samples were prepared, resulting in a total of 12 wood samples.

(2) Technical measurement. The tactile surface roughness measurement was
conducted using a HOMMEL-ETAMIC Tester T8000. Measuring conditions were set
to an evaluation length of 48 mm and a tracing speed of 0.5 mm/s. The sensor had a
measuring range of 400 um. A total of ten measurements was performed at the centre
of each sample. As measurement direction matters (Sinn et al., 2009), we performed
five measurements along and against the grain each. For the current study, dependent
variables of the technical measurement facet comprised R, (in um), defined as the
arithmetic average of surface roughness. R, is a common measure in materials science
and surface engineering to indicate the surface roughness.

(3) Human assessment. A total of N =5 persons (n = 2 experts: excluding the expert
who prepared the samples; n = 3 non-experts in wood handcrafting) took part in the
study. Participants included 3 men and 2 women with a mean age of M = 34 years
(SD = 15.3). Dependent variables comprised: (a) classification of the wood sample
condition, (b) assessment of surface roughness of the samples on a 7-point scale using
Linguistic Terms (LT) ranging from ‘very rough’ to ‘very smooth’, (c) certainty rating
for the roughness assessments on a scale ranging from 0 (very uncertain) to 100%
(very certain), and (d) estimation of three numerical correspondence values (typical,
minimum, maximum value) for each LT presented in the 7-point roughness scale (e.g.
‘very rough’) on a hypothetical numerical roughness scale ranging from 0 (‘very
smooth’) to 100 (‘very rough’) in order to model LT meanings (Bocklisch et al. 2012)
in the joint model.

The study started by informing the participants about the procedure and obtaining
informed consent. After the visuotactile evaluation of each sample, dependent
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variables were assessed. The sequence of presenting the samples for evaluation was
balanced to control for order effects. For each participant, we averaged the three
assessments per processing stage. As the assessments of experts and novices did not
statistically differ (Mann-Whitney-U test; surface roughness: 1.500 < U < 4.000,
.361 < p < 1.000; certainty of estimate: 0.000 < U <4.000, .554 < p < 1.000), we do
not report them separately here.

Results and discussion

Modelling approach. For the technical measurement and the human assessment of LT,
data was first separately modelled and then merged into one model using an Artificial
Intelligence (Al) approach based on multidimensional patterns (fuzzy pattern
classification, FPC, e.g. Bocklisch & Hausmann, 2018). FPC was chosen as it is
allowing a combination of (technical) data- and (human) knowledge-based
approaches within one coherent model (e.g. Bocklisch et al., 2022), shows valid
results even with a small data basis (Bocklisch et al., 2024) and proved to be efficient
for a variety of applications including industry 5.0 related topics such as human-
machine teaming (Bocklisch & Huchler, 2024) and formalisation of human expert
knowledge by cognitive engineering (Bocklisch & Lampke, 2024). Moreover, FPC
follows the principles of explainable Al, which, in contrast to “black box” models
focussing on high accuracy of results, additionally consider the interpretability of the
derived outcomes (Angelov et al., 2021). Thus, FPC as explainable Al approach also
accounts for high transparency and understandability to enable operators to
comprehend the results (Hagras, 2018) and therefore contributes to the human-
centredness requirement of the industry 5.0 concept. The FPC are mathematically
described using parametric membership functions (MF). MF were defined using the
data from technical measurements and human assessments (see below) by uploading
data files into the FCX-software. Specific details of the computational procedure and
mathematical foundations of the MF-approach (e.g. parameter calculation from data)
can be found in Bocklisch & Hausmann (2018). In addition to the data itself, the
fundamental task and problem structure as well as the experimental design must also
be adequately represented in the model building. It can be determined, among other
things, whether single models (one-dimensional; e.g. Fig. 3) or a multidimensional
model (Fig. 7) should be created, and whether human assessments and technical data
should be combined or modelled separately.

Technical measurement. MF were modelled based on R. measurements. Results
revealed that MF of all sanding conditions overlap largely (Fig. 3, left). In contrast,
the milled condition is rather distinct from the sanding conditions. A large deviation
in measured values (width of MF) can be found for the milled condition.
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Figure 3. FPC model (left) characterising the wood sample roughness based on the technical
measurement variable (Ra) using membership functions (MF). Discriminatory power values
(dp, right) of MF of wood sample conditions. Dp >.70 indicate distinctiveness (bold).

Whether conditions differ significantly or not, can be calculated using discriminatory
power (dp) values. Dp is a measure of MF overlap and varies between .00 (complete
MF overlap) and 1.00 (no MF overlap at all). Dp > .70 is the threshold that indicates
that two functions can be interpreted as being distinct (Bocklisch, 2019). Results show
distinct MF for the milled condition compared to all sanding conditions, but dp is
rather low for all sanded conditions. This means that the technical FPC model is
currently only able to distinguish milled from sanded conditions. A subsequent
detailed analysis revealed a high relevance of the direction of the technical
measurement (with/against grain) explaining the large width of the milled MF. While
data measured against grain were similar to the sanded conditions, values measured
with grain were clearly distinct. This finding is a starting point for the further
development of the technical model. FPC model quality can be evaluated using (re-
)classification rate. For the technical measurements (Table 1, left), this rate indicates
how many of the data points used for model training were reclassified correctly to the
conditions they built up. Rates close to 1.00 indicate very good performance while
rates up to .50 show rather weak classification results. For a first (not yet optimised)
model, we expect rates >.70 to be “acceptable”. Due to the very limited number of
data and the large overlaps (Fig. 3), the only “acceptable” reclassification rate is .75
for the 80 grit sanding condition.

Table 1. Comparison of (re-)classification rates of technical measurements (FPC-model) and
human assessments (statistical analysis).

Wood sample Technical approach: Human approach:
condition Correct reclassification of training Correct classification of wood
data to wood conditions conditions
(N = 33 for milled and N = 36 for all (N=15; 5 subjects and 3
other conditions) samples per condition)

Milled .55 1.00
80 grit .75 .67
120 grit .56 A7
150 grit .56 .73
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Human assessment

(a) Classification of the wood sample condition. Participants were asked to indicate
the condition of the samples (e.g. 80 grit sanded). The respective results are shown in
Table 1 (right). All wood samples of the milled condition were correctly classified by
all participants (classification rate 1.00). The 150 grit (.73) followed by the 80 grit
sanding condition (.67) were mostly correctly classified. Compared to results of the
technical approach, the mean classification rate is slightly higher for the human
assessments, although the 80 grit condition is better classified by the technical model.

(b) Assessment of surface roughness on a 7-point LT-roughness scale. A repeated
measures ANOVA revealed significant and big-sized differences for human
assessments  of  surface  roughness for the  different  processing
stages (F(3, 12) = 183.838, p <.001, np2=.979, Fig. 4). Almost all Bonferroni-
corrected post hoc t-tests resulted in significant differences (.006 < p <.018) implying
clearly separate roughness assessments between the different processing stages. Only
the comparison of the assessments for wood samples sanded with 150 and 120 grit
was not significant (p =.072) indicating rather similar assessments for the two
smoothest surface processing stages, ranging between the linguistic terms ‘smooth’ to
‘very smooth’. For sanding with 80 grit, the averaged linguistic category used was
‘partly rough/smooth’, representing a kind of intermediate stage, while milling was
clearly categorised to be ‘very rough’ to ‘rough’. A linear regression revealed the
human roughness assessment as significant predictor of the processing stage with
remarkable high explained variance (R2=.876, F(1, 10) = 183.838, p <.001) and a
significant regression coefficient ( = 0.525, t(10) = 8.389, p < .001).

Human assessment of surface roughness Certainty of assessment
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Processing stage N=5 Processing stage

Figure 4. Averaged human assessment of surface roughness (left) and estimated certainty of
assessment (right), separated for the investigated processing stages of the wood samples.

(c) Certainty of roughness assessments. For the estimated certainty of the surface
roughness assessment, a repeated measures ANOVA narrowly missed statistical
significance, implying no differences between the processing stages
(F(3, 12) = 3.490, p = .05, np? = .466). However, given the rather large effect size, the
missing significance is most probably due to the restricted statistical power of the
small data set. As illustrated in Figure 4 (right), the descriptive values imply higher
safety ratings for the milling condition.
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(d) Modelling of linguistic terms of roughness. The estimation data for each of the
seven LT used in the human roughness assessment was modelled using FPC as well.
Figure 5 (left) shows the resulting MF that indicate the semantic meaning of the LT
in a mathematically formalised manner (Bocklisch et al., 2012). In the left part, all
seven LT are depicted. The LT 2 and LT 3 (‘smooth’ and ‘rather smooth’) overlap to
a very high degree, which is also reflected by the very low dp-value shown in Table 2
(LT 2vs. LT 3:dp =.07).

Table 2. Dp values for linguistic terms (dp > .70 indicating distinct meanings of the linguistic
roughness expressions, highlighted in bold).

Variable 1 2 3 4 5 6 7
1. Very smooth -

2. Smooth .68 -

3. Rather smooth .69 .07 -

4. Partly smooth/rough .87 73 .70 -

5. Rather rough .88 .80 .78 49 -

6. Rough .90 .85 .84 .70 .46 -

7. Very rough 91 .87 .86 77 .66 A7 -

6 7 Wood  Number of mentions of LT by
el sample  humans to describe condition
Z 3 / conditon 7 6 5 4 3 2 1
f’-é 2 4 milled 12 2 - 1 - - -
2 1 s e gogrit - - 2 6 7 - -

0 ™ 120git - - 1 - 6 5 3
0 Roughness 100 150git - - - - - 6 7

Figure 5. FPC model for the seven LT (left) characterising surface roughness (1 ‘very
smooth’, 2 ‘smooth’, 3 ‘rather smooth’, 4 ‘partly smooth/rough’, 5 ‘rather rough’, 6 ‘rough’,
7 ‘very rough’); and absolute frequencies of mentions of LT 1-7 (right).

The pairwise comparisons of the LT based on dp indicate that specifically
neighbouring terms did not differ sufficiently from one another. This is a well-known
phenomenon as earlier research points out that LT as used in this study are naturally
vague (Teigen, 2023). Hence, one “objective” wooden sample condition can
potentially be described by several LT. Figure 5 (right) shows how often which LT
was mentioned for which wood condition. The two values per line highlighted in bold
indicate the two most frequently mentioned LT. The corresponding MF of these two
LT per condition were merged to obtain a FPC model for human assessment of
roughness (Fig. 6, left) that is further used for a joint human-technical FPC model (see
below).
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Figure 6. Left: Fuzzy pattern classification model of human assessments based on merged MF.
Right: Discriminatory power vales (dp) of human assessment for four different wood sample
conditions. Dp >.70 indicate distinctiveness (highlighted in bold).

Dp values (Fig. 6, right) correspond in principle to the technical model (Fig. 3) with
the exception that 80 grit and 150 grit conditions are distinct. This means that the
model based on human assessments is able to distinguish between two additional
conditions that cannot be separated by the technical model.

Joint human-centred modelling approach. The aim of the joint approach was the
combination of technical measurements and human assessments in one common FPC
model, as the basis for human-centred automation, industry 5.0 and advanced
assistance like human-machine teaming is a smooth combination of complementary
strength of humans and technology. As results show, neither the human nor the
technical approach alone has so far been sufficiently suitable to completely recognise
or classify the wood conditions based on surface roughness measurements and
estimates. To figure out if the combination of the two approaches is superior to the
single FPC models concerning the ability to distinguish the wood conditions, the
technical FPC model (Fig. 3) and human FPC model (Fig. 6, left) were combined in
a joint model shown in Figure 7.

milled

dpvaluesof | (1) (2 () (@)
MF
(1) Milled .00

(2) 80 grit .83 .00

(3)120¢rit | .97 .71 .00
(4)150¢rit | 98 .85 .47 .00

Membership
value u

sS
S\\\C“0

Rough"
xS
\“uma“ ass!

Figure 7. Left: Joint fuzzy pattern classification model for combining technical measurements
(Ra) and human roughness assessments. Right: Discriminatory power vales (dp) of joint human-
technical FPC model. Dp >.70 highlighted in bold.

Dp values (Fig. 7, right) reveal that, except for the sanding conditions with 120 and
150 grit, all wood conditions can be distinguished by the model that combines the
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strength of technically precise measurements and the holistic sensory classification
capabilities of the human. It is superior to the single models. Furthermore, the joint
model describes the relationship between measured R. values and the corresponding
LT: The milled condition was mainly described by human participants with ‘very
rough’ to ‘rough’, 80 grit by ‘partly smooth/rough’ to ‘rather smooth’, 120 grit by
‘rather smooth’ to ‘smooth’, and 150 grit by ‘smooth’ to ‘very smooth’. The disclosure
and model-based description of these relationships can form the basis for voice control
in sanding automation because a control algorithm could assign the linguistic input to
a technical roughness value that needs to be generated.

Discussion and conclusion

Two consecutive studies illustrated a human-centred approach for automation
development by the example of a sanding procedure for a wooden handcraft product.
Results of Study | described the overall handcrafting process, specified the targeted
sanding process and its preceding, follow-up and other possibly affected processes as
precondition to understand the application context of the later sanding automation and
to conceptualise hand-over processes from human to automated operation and reverse.
The cognitive task analysis assessed and systematised human knowledge, while
Study II exemplary investigated the specific target criterion ‘surface roughness’ in
depth in an experimental setup. A technical, a human and a joint FPC modelling
approach were tested against each other. Results revealed comparable performances
of the technical and human approach with a slight human advantage in correct
classification of the two extreme wood surface conditions ‘milled” and ‘150 grit’.
Humans also showed good competencies to differentiate the surface roughness on a
verbal scale, except for the two smoothest conditions (Fig. 4). The estimates turned
out to be a good predictor with remarkably high explained variances for the actual
processing stage, highlighting the sensory and cognitive power of human labour,
which has to be met sufficiently by automation solutions. In contrast, the
reclassification rates and discriminatory power of the technical measurement data
achieved by FPC modelling were rather low to medium. Especially for the milling
condition, measurement direction seems to matter. An adapted model (results not
shown) achieved a high classification rate for the milled condition measured with
grain, but at the expense of lower rates for a sanding condition. Although technical
measurements are more precise (Um) than human assessments, human classifications
turned out to be quite efficient. This emphasises the importance of human expertise
(Sinn et al., 2009) and the need for a correct expert knowledge formalisation for
automation development. It must be considered that the human surface assessments
result from the combined perception and processing of visual and tactile information,
while the technical measurements comprised tactile stimuli only. Thus, the technical
classification power might be improved by a combination of different sensor signals.

The aim of any experimental study that collects data and uses it for evaluation or
modelling is to obtain valid results and to derive findings that can be generalised as
far as possible. This is also the case with expert-based studies, where there is always
a severe limitation of suitable participants. The samples of both studies presented here
are quite small. For the cognitive task analysis, presented results might not be
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considerably affected. For Study Il, a larger sample would certainly contribute to a
higher reliability and validity of results. Some effects might have been
underestimated due to limited statistical power. However, the access to handcrafting
experts with the time and willingness to provide their knowledge is limited. Highly
experienced craftsmen were recruited for this study. It can be assumed that the data
obtained from them is of high professional quality and representativeness.
Nevertheless, (inter-)individual variations are likely due to influences from the test
situation, different sensorimotor abilities and different specialist knowledge, so that
the results are initially valid for the context described and exact reproducibility may
be limited. This is the case with many application-related research approaches and is
one uncertainty factor that is expressed in the data collected. This data-inherent
uncertainty (fuzziness) is considered by the selected FPC modelling method, which is
also suitable for smart/small data approaches compared to most statistical or machine
learning methods (Bocklisch et al., 2024). In this way, the modelling attempts to arrive
at valid model descriptions and results despite the small number of test subjects and
amount of data.

The methodological approach of investigating human and technical data in a
complementary manner is to be considered as a first step. Future investigations should
underpin the results by a broader data base. Besides, the results revealed a complex
conditional structure of influencing variables. Hence, the investigation of one isolated
target criterion is somehow artificial and therefore might have led to missing effects
when comparing different levels of expertise.

The first step of the human-centred approach presented here could be extended by a
number of actions, which are subject of future research. Thus, a larger data base could
be achieved by increasing the number of wood samples for data collection or the
number of participants for the human assessment, respectively. In addition to an
enhanced validity and reliability of results, the increased data base would allow for
in-depth analysis of sub-samples of the data (e.g. measurements with vs. against grain)
and provides the option to involve more parameters of the technical measurement
while meeting the respective statistical requirements. Furthermore, the inclusion of
different wood species (e.g. maple) or varying wood characteristics (e.g. density, grain
pattern) influencing the surface roughness evaluation (Sinn et al., 2009) may
contribute to a larger scale implementation. One of the next steps planned for our
research will be measurements of the wood samples with the sensors of the developed
sanding automation including force, vibration, and noise signals. The aim is to
combine these additional measurements with the collected technical and human data
of the current study to develop a powerful algorithm for the surface roughness
detection and sanding automation control. Investigations of the other identified target
criteria of the manual sanding process (e.g. geometry) and their combinations are
furthermore required to be considered. Moreover, the feedback from experts and
(other) potential end user groups should be incorporated continuously throughout the
design process to achieve high usability, acceptance, and satisfaction for the human-
machine interaction with the sanding automation.



220 Kreillig, Hartwich, Todtermuschke, & Bocklisch

For Al modelling of the technical measurement and human assessment data for LT,
FPC was used. The possibility to combine the knowledge- and data-based approach,
establishing meaningful models with comparatively small data sets and take into
account natural vagueness of LT and data measurement uncertainties has been shown
for the application example. Furthermore, the joint model-based approach is
promising and the description of relationships between technical and human
roughness estimates can form the basis for voice control in sanding automation. This
should be investigated further with regard to human-centred automation of industry
5.0 applications.

Acknowledgements

This work was supported by the Fraunhofer internal ATTRACT-program (grant-
number: 40-799 06107). We are grateful for the support of the expert craftsmen as
well as the other participants of our study.

References

Ainsworth, L.K. (2004). Task analysis. In C. Sandom, and R.S. Harvey (Eds.), Human
factors for engineers (pp. 81-112). London, UK: Institution of Engineering and
Technology.

Angelov, P.P., Soares, E. A., Jiang, R., Arnold, N.I., & Atkinson, P.M. (2021).
Explainable artificial intelligence: an analytical review. Wiley Interdisciplinary
Reviews: Data Mining and Knowledge Discovery, 11, el424.
https://doi.org/10.1002/widm.1424

Bocklisch, F., Bocklisch, S.F., & Krems, J.F. (2012). Sometimes, often, and always:
Exploring the vague meanings of frequency expressions. Behavior Research
Methods, 44, 144-157. https://doi.org/10.3758/s13428-011-0130-8

Bocklisch, F., Bocklisch, S.F., Grimm, M., Lampke, T., & Joshi, S. (2024). Hybrid
decision-making in atmospheric plasma spraying enables human-machine
teaming. The International Journal of Advanced Manufacturing
Technology, 132, 4941-4963. https://doi.org/10.1007/s00170-024-13595-8

Bocklisch, F. (2019). Different or the same? Determination of discriminatory power
threshold and category formation for vague linguistic frequency
expressions. Frontiers in psychology, 10, 1559.
https://doi.org/10.3389/fpsyg.2019.01559

Bocklisch, F., & Hausmann, D. (2018). Multidimensional fuzzy pattern classifier
sequences for medical diagnostic reasoning. Applied Soft Computing, 66, 297-
310.

Bocklisch, F., & Huchler, N. (2023). Humans and cyber-physical systems as
teammates? Characteristics and applicability of the human-machine-teaming
concept in intelligent manufacturing. Frontiers in artificial intelligence, 6,
1247755.

Bocklisch, F., & Lampke, T. (2024). Human-CoMo: A Combination of Cognitive
Knowledge Engineering and Data Modelling for Human-Cyber-Physical
Systems in Intelligent Manufacturing. Journal of Integrated Design and Process
Science, 27, 169-183. https://doi.org/10.1177/1092061724129



integrating expertise into automation 221

Bocklisch, F., Paczkowski, G., Zimmermann, S., & Lampke, T. (2022). Integrating
human cognition in cyber-physical systems: A multidimensional fuzzy pattern
model with application to thermal spraying. Journal Of Manufacturing Systems,
63, 162-176. https://doi.org/10.1016/j.jmsy.2022.03.005

Breque, M., De Nul, L., & Petrides, A. (2021). Industry 5.0—Towards a Sustainable,
Human-Centric and Resilient European Industry. Luxembourg: Publications
Office of the European Union. https://doi.org/10.2777/308407

Dienes, Z., & Perner, J. (1999). A theory of implicit and explicit knowledge.
Behavioral and brain sciences, 22, 735-808.
https://doi.org/10.1017/S0140525X99522188

Fu, Y., Gao, H., Wang, X., & Guo, D. (2017). Machining the integral impeller and
blisk of aero-engines: A review of surface finishing and strengthening
technologies. Chinese Journal of Mechanical Engineering, 30, 528-543.
https://doi.org/10.1007/s10033-017-0123-3

Hagras, H. (2018). Toward human-understandable, explainable Al. Computer, 51, 28-
36. https://doi.org/10.1109/MC.2018.3620965

Haller, R.K. (2024). Improving Employee Retention: Evidence from “Best Practices”
in the Craft Sector to Tackle the Labor Shortage of Skilled Workers. In N.
Tsounis, and A. Vlachvei (Eds.), Applied Economic Research and Trends (pp.
245-263). Cham, Switzerland: Springer Nature Switzerland.
https://doi.org/10.1007/978-3-031-49105-4_15

Hoffman, R.R., & Lintern, G. (2006). Eliciting and representing the knowledge of
experts. In K.A. Ericsson, N. Charness, P.J. Feltovich, and R.R. Hoffman (Eds.),
Cambridge handbook of expertise and expert performance (pp. 203-222). New
York: Cambridge University Press.

Lee, J. (2015). Smart Factory Systems. Informatik Spektrum, 38, 230-235.
https://doi.org/10.1007/s00287-015-0891-z

Li, Z., Fan, H., & Wang, X. (2022). Design of wood fine grinding workbench based
on man-machine cooperation. In International Conference on Electronic
Information Technology (EIT 2022), (pp. 684-693), Bellingham, USA: SPIE.

Madni, A.M. & Madni, C.C. (2018). Architectural framework for exploring adaptive
human-machine teaming options in simulated dynamic environments. Systems,
6(4), 44. https://doi.org/10.3390/systems6040044

Proctor, RW. & van Zandt, T. (2018). Human Factors in Simple and Complex
Systems. Boca Raton, USA: CRC Press. https://doi.org/10.1201/9781315156811

Sinn, G., Sandak, J., & Ramananantoandro, T. (2009). Properties of wood surfaces—
characterisation and measurement. A review COST Action E35 2004-2008:
Wood machining—micromechanics and fracture. Holzforschung, 63, 196-203.
https://doi.org/10.1515/hf.2009.016

Teigen, K. H. (2023). Dimensions of uncertainty communication: What is conveyed
by verbal terms and numeric ranges. Current Psychology, 42(33), 29122-29137.

Wickens, C., Hollands, J., Banbury, S., & Parasuraman, R. (2013). Engineering
Psychology and Human Performance (4™ Ed.). Upper Saddle River, USA:
Pearson.

Zhu, D, Feng, X., Xu, X., Yang, Z, Li, W,, Yan, S., & Ding, H. (2020). Robotic
grinding of complex components: A step towards efficient and intelligent



222 Kreillig, Hartwich, Todtermuschke, & Bocklisch

machining — challenges, solutions, and applications. Robotics and Computer-
Integrated Manufacturing, 65, 101908.
https://doi.org/10.1016/j.rcim.2019.101908



