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This paper discusses some examples where human performance and or human error prediction was achieved by
using a modified version of the Rasch model(1980), where the probability of a specified outcome is modelled as a
logistic function of the difference between the person capacity and item difficulty. The model needs to be
modified to take into account an outcome that may not be dichotomous and o take into account the interaction
between two macro factors: (a) Task complexity: that summarises all factors contributing to physical and mental
workload requirements for execution of a given operative task & (b) Human capability: that considered the skills,
training and experience of the people facing the tasks, representing a synthesis of their physical and cognitive
abilities to verify whether or not they are matching the task requirements. Task complexity can be evaluated as a
mathematical construct considering the compound effects of Mental Workload Demands and Physical Workload
Demands associated to an operator task. Similarly, operator capability can be estimated on the basis of the
operators’ set of cognitive capabilities and physical conditions. The examples chosen for the application of the
model were quite different: one is a set of assembly workstation in large computer manufacturing company and
the other a set of workstation in the automotive sector. This paper presents and discusses the modelling
hypothesis, the interim field data collection, results and possible future direction of the studies..

Keywords: Human performance, human factors, human error, workload.

al. 2001, Leva et al 2013, Gerbec et al 2017). HF

1. Introduction

This paper presents a framework adopted to
assess human error in assembly tasks in two
different large manufacturing plants (Comberti et
al 2019). There is growing interest in addressing
Human Factors as part of these areas (Hong et al.
2007). The discipline of Human Factors in fact,
has a very relevant role to play, despite the ever-
increasing level of automation and the
standardization of working-procedures (Baines et
al 2005). Quality managers focused their
attention to human behaviour and try to analyse
the causes of deviations from procedures where
errors are detected [Miller & Swain 1987).
Safety experts included HF into accidents
precursor analysis related to safety critical
operations (Bosca et al 2015, Baldissone at al.
2018) and into ex-post events analysis (Comberti
et al 2018). HF considerations are used in the
area of work organization to reduce operational
risks and improve task-time optimization(Lin et

influence has been modelled and measured
differently depending on the characteristics of
each application. Human Performance modelling
is a complex system, where behaviour,
cognition, physiology and working condition
deeply interact. However the topic of Human
reliability analysis and modelling, was initially
developed for safety critical industries such as
nuclear and aviation and was not widely applied
to manufacturing even where humans are still at
the forefront of production process that are not
completely automated. Automotive for instance
is a sector where production systems are based
on assembly lines that are required a cross
interaction  between  highly automated
workstations and highly trained human resources
too. Different operators are needed to contribute
towards the final products, which calls for
different capabilities for analysing information,
recalling items from memory, making decision
etc. while performing time constrained tasks. An
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empirical way to assess human performance,
such as the reliability of individuals to perform
specific tasks can be a very useful element in the
process of allocating human resources to various
workstations in an assembly line, as different
workstations will present different elements of
complexity, ultimately affecting the frequency of
defects, human errors (Groth & Mosleh 2012)
and unsafe acts. The design of such a system
requires an interaction between task complexity
in terms of both mental and physical workload,
and the assessment of the required human
capabilities to cope with it.

2. Human performance modelling in two
industrial applications: the case studies

The study is based on an observational,
empirical approach aimed at existing human
errors in tow different manufacturing contexts
and locations.
2.1 Case study 1:Packaging and assembly of

electronic products
The first case study was performed in the
dispatching  department of a company
assembling large electronic products. The scope
of the assessment was to model the issue and
propose approaches to reduce and eliminate
errors and variations in the end product. The
company dispatches technology goods to
national and international customers and the
focus of the project was the assembly of goods
for dispatch. Operators prepare the goods at
workstations along conveyor lines, however at
these conveyors inefficiencies and inaccuracies
relating to human performance were identified.
Two primary workstations were selected for
inclusion in the dispatching unit based on their
recorded error rates. Conditions vary and
fluctuate at workstations, which may increase the
probability of making mistakes, including the
complexity and number of the activities,
environmental conditions and the quality of the
product.  The  modelling requires an
understanding of both the salient characteristics
of the human factors (cognitive aspects, physical
capabilities and behavioural traits) and the
impact of the features of the workstation on
human nature (typology of activities, working
load, environmental factors etc).
The focus is on the role of operator’s capability
to complete tasks and the means to reduce
human errors whilst retraining product quality.
Changes were proposed for the assembly lines at
the dispatching stations, including changes in the
procedures and training to employ an
understanding of human performance and
improvements to safety, with an overall
beneficial impact on both productivity and
quality.
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2.2 Case study 2: Heavy vehicle manufacturing
The second case study was set in heavy vehicles
assembly lines, which include a sequence of
workstations. The level of robotic application is
relatively low, most of the tasks are still
manually performed As a consequence the
impact of human performance on production
efficiency is significant; human errors, expressed
in term of defects and error of assembly,
represent both an increase in cost and waste. The
aim of this study was to deliver a Human
Performance (HP) modelling capability able to
identify areas of improvement in the industrial
process so as to produce measurable impact on
the rate of human errors. Within the scope of the
work was the cooperation with the Management
of the manufacturing plant, so as to deliver a
practical operational model that could be applied
by the plant managers themselves.

3. Methodology and Conceptual Model Design
The methodology used to estimate Human
Performance in the assembly line can be broken
down into five steps (as it is showed in Fig. 1).

Conceptual model
design
[ Operative model ]

design

[ Data field Collection ]
[ Human Performance ]>

Assessment

Results application
and model
validation

Fig. 1. Methodology for the development of the approach.

First step was focused on the “Conceptual
Model” designing. This step began with
understanding the variables having an influence
on Workload and Human Capabilities. Those
variables have been initially selected through a
literature review balanced by an appraisal of the
working conditions of the different workstation
and a task analysis (Leva et al 2018) of the key
activities of the workstations considered for the
study in the assembly line. The second step
consisted in characterizing the conceptual model
to suit the actual empirical situation found in the
case study. This process identified, with the
support of task analysis method (Leva et al.
2009), the actual empirical data sources and or
proxies to assess the variables of the conceptual
model identified from the literature review, so as
to be connected with one or more observable and
measurable quantities. This process lead to a
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simplification of the initial conceptual model
into a version applicable to the data availability
and the needs expressed for the case study. Data-
Field collection was dedicated to empirical
measurements of all quantities defined in the
operative model structure: results were used for
Human Performance Assessment involving the
assessment of the workload element together
with operator’s capabilities. The results obtained
from the Data-Field collection campaign lead to
the Human Performance (HP) assessment, and
that is used to plan interventions on the human
resources management of the assembly line. A
validation period during which results, expressed
in term of production efficiency, will be
monitored would allow a validation of the
proposed model.

3.1 The Conceptual model

The conceptual model is based on the Model
developed by Rash (1982). In the Rasch model,
the probability of a specified outcome (e.g.
right/wrong results) is a logistic function of the
difference between the person and item difficulty
parameter. Let X, be a dichotomous random
variable with binary values where, for example,
Xni =1 denotes a correct response and an Xy =0
an incorrect response to a given assessment item.
In the Rasch model for dichotomous data, the
probability of the outcome is given by the
formula provided in equation (1):

Bn—0i
Pr(Xni = 1) = € /1 + eﬁn—5i (1)

where 3, the ability of person n and §; the

difficulty of item i .

The model needs to be radically enhanced to take

into account an assessment of performance that

is not dichotomous and feed into the interaction
between two macro factors:

—Human Capability (HC): summarising the
skills, training and experience of the people
facing the tasks, representing a synthesis of
their physical and cognitive abilities to verify
whether or not they match the task
requirements.

—Workload (WL) summarising the contribution
of two main factors (Wickens 2017): ”Mental
Workload” (MW) and “Physical Workload”
(PW), both associated to each activity
identified and analysed in the assembly line.

3.2 From a Conceptual model to an operational
model

To shift from a purely conceptual model to an
operational one it was necessary to identify a set
of actual observable and measurable quantities to
estimate/assess the model variables. In addition
to this, a common scale of evaluation for all
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quantities was adopted so as to allow a
quantitative ~ comparison  between = Human
Capabilities (HC) against Workload (WL)

requirements. The shift from a conceptual to an
operational model implied the exclusion of the
“Environmental factors” variable as it was the
same for all the workstation and did not appear
to have changes and or influence on the overall
performance. The environmental conditions were
in fact of good quality and therefore did not have
an  observable impact on performance,
furthermore the environmental factors were
approximately constant along the production line
therefore their effect was not observable in this
specific case study. With the exception of the
environmental ones all the other variables
identified in the conceptual model were matched
by one or more observable quantities.

Each quantity had a different measurement-unit
therefore to adopt a common scale, the indicators
were scored according to calibrated Likert scales
from 1to 10. Each Likert scale was calibrated
according to the original unit measurements of
the observable variables.

Environmental
factors

o
B
S
E
R
v
A
B
L

E

UmMeEDP =3B <

Fig. 2. Conceptual Model for Human Performance

4. Operational model and data collection for
Case study 1: Bayesian inference approach

4.1 Data collection and model application in
case study 1

In case study 1 it was not possible to run tests
and collect observable data on Human
capabilities for the workers involved in the
project therefore members of staff who work
closely with the workstations involved in the
project and the control workstations were invited
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to complete questionnaires to assess their
opinions relating to:

e The importance of skills at different
workstations
Skills rating of individual operators
Job satisfaction / motivation
Mental workload requirements
Physical workload requirements
Perceived task complexity
Two questionnaires were prepared with one for
supervisors, group leaders and process engineers,
and a second questionnaire for operators and
technicians. Questionnaires were broken up in
this fashion in order to capture observable
variables from the supervisors/management and
the individual subjective opinions of the
operators. The questionnaires were completed by
the employees of all eleven workstations and
their supervisors leading to a total of 149
employees completing the questionnaire (100%
response rate). Participants were asked to rate
their answers on a 10-point Likert Scale, with
one meaning low and ten meaning high. As
different duties and tasks require certain skills
(e.g. manual skills, memory), practical training
and underpinning knowledge, the
questionnaire/observation protocol was designed
to capture information relating to the aspects
reported in Table 1.

Table 1: Aspects collected from Questionnaires
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Table 2: Error rate Dataset collected for each workstation

id skills task eITors_on

workstation | recorded complexity | 10000 parts

1 Pod 6.45 7.4 1
2 Conveyor 6.45 7.28 15
3 ControlA 6.45 6.8 2
4 ControlB 6.45 6.8 7
5 Control C 7.18 8 2036
6 ControlD 7.23 9 4250
7 ControlE 7.09 7.57 70
8 ControlF 7.86 7.33 203
9 ControlG 533 6.33 681
10 ControlH 6.27 6.4 190
11 Controll 7.83 6.88 246

Mental Workload

Requirements:

1. Need to cope with pace

2. Variance of product

3.Recognition requirements

4.Load due to quality of
coordination

5.Requirement for
training/experience

6.Human machine interface
(HMI) quality

Worker Skills

1.Memory/ Recognition

2. Decision-making

3. Coordination/communica
tion — teamwork

4.Coping with pace

5.Experience

6. Dexterity / manual skills

7.Physical resilience

8. Adherence to procedure

Physical Workload

Requirements
1.Ergonomic score (REBA

Assessment)
2.Dexterity requirements /
manual skills
3. Adherence to procedure
4.Reliance on automation.

Perceived Task
Complexity
1.How mentally demanding
are the tasks
2.How physically
demanding are the tasks
3.How complex is this task
perceived to be overall

The data set included not only questionnaires,
but also observable variables derived from
quality and productivity KPIs, focus groups on
the task analysis, and video and photo recording
and measurements on workstations and task (to
measure the entire time of a task and number of
subtasks when data about them was not
available). The data is summarised in Table 2.

The data was used for a regression model. The
first part was used for an assessment of task
complexity. The data gathered was evaluated on
the basis of Task Complexity with a linear
regression model:

TC =axMem+ f * Rec +y * Coord + § » Cope +
0 x Exp+ p*Res+ pxAdh 2)

Where TC is Task Complexity index, Mem is
Requirements for Memory, Rec is requirements
for Recognition skills, Coord is Coordinatin,
Cope is requirements to Cope with pace, Exp is
Experience, Res is Resilience and Adh is
Adherence to procedure.

The Correlation matrix associated with the
element used for the regression was used to
validate the fact that the parameters were not
correlated with each other and therefore were
useful to represent diverse aspects. The model
indicates that the parameters used to estimate
task complexity in the linear regression are quite
significant. They predict task complexity with a
Standard error of 0.2991 on 36 degrees of
freedom. The adjusted R squared obtained is
0.93996 and the F statistics on 36 Degrees of
freedom is 96.52, with a p value of 2.2 e-16.
Therefore the linear regression model to estimate
task complexity seems to deliver significant
results.

For the second part of the model, an estimation
of the error occurrence of each workstation
considering task complexity and operator
capability was conducted. The use of the Rasch
model with the dataset gathered was not possible
as for the Rasch model the output needed to be a
binary success or failure for each individual task.
This was a type of data, which was not able to be
collected for case study 2. Due to this, a
generalised linear regression with a Poisson
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model, which was still based on the assumption
that Human Performance can be represented as
directly dependent from two macro-factors of
task complexity and human capability, was used
(see formula 3).

'1i = ebBotBix1i-Baxztei — oM logli =n;3)

where A; is the amount of error recorded, x; is
task complexity and x, is operator skill
level/capability. The results obtained in R
suggest that both elements are significant in
predicting error occurrence, as shown in Fig. 3.
A likelihood ratio test also confirmed the
meaningfulness of the significance for the
parameter chosen for estimating the error rate
with this model.

gim(formila = errorateserrors_on_100@@parts ~ erroraoteaverage.skills +
(errorote$task.complexity), family = poisson, dota = errorate)

Deviance Residuols:
Min 10 Median 30 Max
-31.533 -Z1.480 -1.975 §.522 31.609

Coefficients:

Estimate Std. Error z value Pr(>|z|)
{Intercept) -2.41163 ©.19802 -12.60 <Ze-16 ***
errorateSaverage.skills -8.47110 @.03457 -13.63 «<Ze-16 ***
errorateStask.complexity 1.57751 0.81710 92.24 <2e-1B ***

Fig. 3. Excerpt of R code used for the Regression model

4.2 Bayesian approach for case study 1

Case study 2 presented a more limited data with
estimates of skill variables obtained using
subjective  rating. Therefore the model
application could be improved with a more
extensive data collection campaign and a more
objective estimation for skill rating. Another
attempt was to perform a Bayesian inference by
including prior information on the parameters of
interests that were presented in equation (3). In
this context we used:

B~ Ny(bo BiY)  (4)

where by is the vector of means for the
explanatory variables and Bo' is the k x k
precision matrix, i.e., the inverse of a
variance/covariance matrix. In this context we
used a flat 3-dimensional distribution centred at
0 with diagonal variance/covariance matrix
whose entries are equal to 9. Therefore the Prior
distribution chose was not very informative.

The target of our analysis is the posterior
distribution of the parameters given the data
which has been estimated using MCMC
algorithm with 10000 iterations with 1000 burnin
iterations.

The results in R (obtained using the Zelig
package) are in agreement with those obtained

by maximum likelihood estimation used in the
model (see Fig.3) and are reported in Fig. 4.

Fig. 4. Excerpt of R code used for the Bayesian inference

1. Empirical mean and standard deviation for each variable,

plus standard error of the mean:

Mean 8D Naive SE Time-series SE
(Intercept) -0.08187 0.060054 6.005e-04 0.0019811
average.skills -0.47263 0.011051 1.105e-04 0.0003649
task.complexity 1.57563 0.005484 5.484e-05 0.0001868
2. Quintiles for each variable:

2.5% 25% 50% 75% 97.5%

(Intercept) -0.2053 -0.1214 -0.08173 -0.0409 0.03673
Average.Skills -0.4946 -0.4804 -0.47258 -0.4653 -0.45059

task.complexity 1.5649 1.5720 1.57578 1.5792 1.58649

5. Operational model and data collection for
Case study 2:

Case study 2 refers to workstations in heavy
vehicle manufacturing. The variables were
selected thanks to a participatory approach
focusing on process modelling and screening of
available performance data, that involved both
academic and industry professionals operating in
the various management areas involved: Safety,
Work Analysis, Quality, Work Organization.

The observable variables selected were measured
both in numerical and qualitative scales.

Quantity Indicators

|
( IV = NP+ PV

Variable

| NP = Number of Process
rremvmin]-

| PV = Pracess Variance

- e

8

-] = -

= |

] I PN= Parts number

= Parts Handling | — |- Parts Index

= 1P = PN

| | PS = Similat parts

g k - i

2 |EDSESREST 2 EOE S e e re i Work |
| WP Standards WE S Lo O el e > | Organisation |
: ! organisations. ]

- e comEEEE——— index (W1) 1

WC = Working cycle phase

= Woaorking cycle
number

Index (WCl)
| Visual Instruction |
index (VI)___ |

Working Cycle
complexi|
e e
| Visual Instruction

Vi = Level of visual instruction
o help the task memorization |

Fig. 5: Mental Workload Operational model.

To allow comparison between variables with
different nature and scale, all the variables were
harmonized in a common numerical scale. The
Task Complexity factor was estimated trough the
assessment of the observable variables that are
related to Mental Work Load (Fig.5) and to
Physical workload (Fig. 6).
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1

Variable Quantity Indicators
Physical effort EU =Ergo UAS = Ph?:::: iflfm
"""""" b Eey | Safetystandard |
Ls_af_Etf-"_‘aj‘d_aff‘S_. i____l._ere;l_of Safety (WCM) i —> L indeelssy |
B it ‘ ! Level of coordination i_} (Cardmatmn Fd.G;-i

£ I

) 1_required with other workers

con____J

% of Saturation of Working
cycle

Saturation index

61

lCoping with pace I | —> {

Fig. 6: Physical Workload Operational model

The data collected to operationalized a human
capability model were estimated using a battery
of tests performed as the so called “ability
corners” and used to estimate an operational
model for human capabilities (see Fig. 7).

Variable Quantity Indicators
Phisical
Steadiness
Physical Physical index (P1)
characteristics Capacity to

Cope with pace

Memory index

Memory test
(M)

result

—_

Fig. 7: Human Capabilities Operational model.

Multiple Ability

Dexeterity index
Corner results

(o1)

The Human Capability (HC) model represents
the total amount of resources that a worker
potentially can provide to perform a given task.
According to the kind of tasks involved into the
assembly line, the HC conceptual model
identified 3 set of measurable capabilities:
Manual skills (Dexterity), Memory and Physical
skill. In order to assess these skills a set of
empirical tests were designed.

The key conditions considered for the test design
process were the followings:

A. The tests have to represents or simulate
frequents operations close to the ones
performed in the assembly line.

The tests have to be performed by
workers during the working activity, as
a consequence the time requested to
perform them needs to be below 10
minutes.
Considering the above conditions four test were
defined:
. Memory test: sequences of geometric
schemes were shown to the worker for few
second. The worker was then asked to
replicate them on a piece of paper. During
this test the time to complete the task and its
accuracy were recorded.

B.
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2. Precision test: it consists in moving an iron
circle along a not linear contour without
touching the line. This test is related to the
manual precision required in many tasks.
During this test the time to complete the path
and the number of errors were record-ed.

. Coordination test. In this test the worker is
required to use both hands to perform simple
actions. Time and precision of coordinate
movements were recorded.

Methodology test. During this test the worker
have to decide and to complete a set of
simple assembly steps with small parts. Time
and errors were recorded

The Human Capability results of each worker
were considered recording the time spent to
complete all tests and the number of errors done.
The HC assessment campaign with the tests
involved directly 50 workers employed in the
selected assembly line. The tests were planned so
as to minimize the impact on the working
activity of the assembly line itself and the
average time of execution was between 7-9
minutes. To perform the tests each worker was
given a short break, for the time strictly
necessary, and replaced by a substitute. This
configuration allowed the tests to be repeated 3
times during the whole shift for all the workers.
All test results showed a good discrimination of
workers skills highlighting a wide range of
variation in performances. The HC indicators
were all reported in a numerical scale 1-10 in
relation to test results. The test measures 2
quantities: the amount of time spent to complete
the test and the number of errors committed
during its execution. The two quantities were
combined in a single index as reported in
equation (5). Considering the results of each
individual skill test, time and errors observed in
the text were linearly combined in a common

quantity named “Modified Time” (MT)
according to the following equation:
MT = Time[s] + Errorsx3[s] )

The Task complexity model results in terms of
indices harmonised in a Likert scale and the
Human Capability models results where
compared using a matching index matrix that
compared the required skills for each
workstations with the harmonised recorded
skillsets of each worker. This activity involved
150 workers operating in 4 assembly lines.

The Human Performance assessment was
defined according to the scheme proposed in the
Conceptual model (Figure 3) and in compliance
with the operational evaluation process defined
for HC and WL. The HP calculation therefore is
outlined as follow (see Figure 10): for each
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possible matching worker/workstation the
combination of the 3 HC index with 4 Work
Load index lead to an overall matching index
reported in equation (5):

HCyorker - WLworkingplace =HP (5)
The Matching-index assesses the level of
adequacy of human capability to the workload
determined for each workstation.
The total number of workstations considered was
approximately 23.
The application of this model implied the
calculation of 50 Human Capability profiles and
23 Task Complexity profiles.
The HP calculation was done according the
scheme reported in Fig 8.

Task Complexity Matching Human Capability
“ indeces %
" indexof o 4
variabilit @ Memfr;’ow)r\dex

¥y #3 <

index
>
Parls index @

Physical effort @ > iy e
index

o] (@) .

ingex -2

HP-= -2 4 (-2) = -4
HP* = ptefiml = (243+2+3+40+2) = 12

Fig. 8: Human performance assessment operational model.

42 <

-_Demnwmdex_-l
1:10) |
@ | Steadiness {1-10)
Capacity o Cape
with pace (1-10}

This scheme of calculation is based on a linear
comparison between the Human capability index
and the Task complexity index “HC-index — TC-
index” and leads to the definition of 6 matching
indexes. Two Human Performance index can be
defined:
. HP- : represents the sum of all negatives
matching index.

. HP*: represents the sum of all absolute
values of matching index.

The assessment for each assembly line of HP-
and HP* will allows a quantitative calculation of
the potential Human Performance related to the
matching  workers-working places as an
optimization algorithm to allow a matrix of
potential combination with resulting clustering.
Minimizing HP- and HP* implies the
optimization of the distribution of the workers in
the available workstations on the basis of the
human capability scoring assessed for each
worker and the task complexity associated to
each workstation. This matching index is a
predictor of human performance, as the lower the
value of HPminus the higher is the probability of
human error for that combination. On the basis
of this systematic assessment of HPminus and
HPplus, for all the possible combination
workers/workstation a matrix of matching
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combination is defined. Fig. 9 summarises the
results of this approach showing, as an ex-ample
the matrix of combinations obtained for 5
workstations and 25 workers (with all their
relative HP assessment index). The score of the
25 workers are reported for each workstation in a
decreasing order (the workers are in the upper
row, and the HP index in the lower row).

Workstations Combinationorkstationsorkers
B B BC BX BT BG BA BN B0 B BR BS BW BQ BU B8 BH B BD BE BF B BL[BM
% 5 B 0 N N U % B B ¥R U086 112222
1 B/ BC B B BX BT B BG BH BA BN BO B B BS B BW BQ B8 BU BL BC BD[BM
N 19 B 5 oW o¥o¥oW B 09 9 8 6 64T 0 2 2 3
- B BC B BX BT B6 BH BA BN B BR BE B B BO B BW BQ B8 BU 8L BC BD[EM
$ ¥ ¥y » » w9 8§ 76 11141113 34
ot B B/ B BX BT BG BA BN B BR B4 BO BS BW BE BF B BQ BU B3 BL BC BD[BM
L T N A < N T T S W T T T T T
ot B B BC BX BT BG BH BA BN B BR BE B B BO B BW BQ BU B8 B BC BD[BM
U 6 # 2 2 uuw9 76 5 1411112 3 4 4
W B/ B BX BT BG BH BA BN B BR BC BE B B BO B BW BQ BU Bl B3 B BM|GBK
5 5 0 09 9 7 5 5 3 1 4412 2 2 4 4
. B B BX BT BG BA BN B BR BC B4 BO BS BW B B B BU BQ BB BL BD BK[BM
5 40 109 7 5 43 111412223 3

Fig 9 Matching matrix
An optimization algorithm was then set up in R

to define a heat maps clustering workstations and
workers combination as represented in Fig.10.

1

w b

workstions

N o

n o =

operators

Fig 10 Heat map in R for Workstations and workers HP
combinations

6. Conclusions And Way Forward

The data formed the basis of an empirically
based, cross-verified model of human
performance that can be used to provide
objective feedback to wusers increasing their
awareness of risks related to their own human
characteristics and impact the design of safety
critical systems and current approaches for
vocational training. For the manufacturing
facilities involved in the project, further
developments may include engaging operators in
all elements of a process, induction testing to
match operator’s capabilities to task most suited
to them and orientation of workstations to
facilitate operators considering human error and
ergonomics principles. Human error in the
manufacturing facility prior to an intervention or
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examination of human performance contributed
to the occurrence of a large number of errors
resulting in financial costs and productivity
losses for the organisation. The reorientation of
work practices at work-stations, considering the
role of human error and ergonomic principles,
has allowed for a reduction in the incidence of
human related errors across the workstations
examined. The model developed was declined as
an matching index formulation and or as a
Poisson generalised linear regression. However
in both cases it stems formt he same
underpinnign theoretical assumption of having a
comparable assessment for task compelxity and
corresponding human capbilities as a predictor of
human performance (or error rate). The results
suggests that both task complexity and operator’s
skill are valid predictors of error occurrence in a
workstation. It is maybe also possible that while
task complexity increases a corresponding linear
increase in worker skills and capability is not
able to sufficiently compensate for the increased
complexity.The model developed int his paper
has been named “Task Execution Reliability
Model” (TERM) and further declinations and
applications for it will be explored.
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