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a b s t r a c t

In Industry 4.0, integrated data management is an important challenge due to heterogeneity and the
lack of structure of numerous existing data sources. A relevant research gap involves human knowledge
integration, especially in maintenance operations. Augmented Reality (AR) can bridge this gap, but it
requires improved augmented content to enable effective and efficient knowledge capture. This paper
proposes dynamic authoring and hybrid recommender methods for accurate AR-based reporting. These
methods aim to provide maintainers with augmented data input formats and recommended datasets
for enhancing the efficiency and effectiveness of their reporting tasks. The proposed contributions
have been validated through experiments and surveys in two failure diagnosis reporting scenarios.
Experimental results indicated that the proposed reporting solution can reduce reporting errors by 50%
and reporting time by 20% compared to alternative recommender and AR tools. Besides, survey results
suggested that testers perceived the proposed reporting solution as more effective and satisfactory
for reporting tasks than alternative tools. Thus, proving that the proposed methods can improve the
effectiveness and efficiency of diagnosis reporting applications. Finally, this paper proposes future
works towards a framework for automatic adaptive authoring in AR knowledge transfer and capture
applications for human knowledge integration in the context of Industry 4.0.

© 2021 Published by Elsevier B.V.
1. Introduction

Industry 4.0 is bringing digitalisation of complex equipment
o improve availability and sustainment for achieving more in-
elligent and adaptive industrial operations [1]. Technologies like
rtificial Intelligence (AI) and Digital Twins (DT) are enabling
eal-time and automatic data capture and analysis, monitoring
nd optimisation for faster and improved decision-making [2].
hese require integrated data management that is still challeng-
ng due to heterogeneity of data formats (e.g. audio or video)
nd lack of structure of numerous data sources (e.g. manuals
r reports) [3]. In this context, human knowledge capture is
ostering research attention due to its potential to create valuable
ata streams [4]. A relevant area for knowledge capture is main-
enance diagnosis. Digital diagnosis systems aim to automate
ault-finding tasks through sensor data capture and analysis to
dentify failures’ root causes [2,5]. One example of industrial
pplications is the development of AI-driven Augmented Reality
iagnostic by IBM which was focused on supporting the techni-
ian to diagnose the hardware error [6]. But when these systems
ail to determine the cause of an identified failure like in No-
ault-Found (NFF) events, experts are still required to do so [7].
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When maintainers conduct diagnosis procedures, they are usually
asked to report them along with failure modes, and conditions
identified [8]. These reports contain valuable knowledge to be re-
used to enhance diagnosis systems [9] and consequent reporting
tasks where those modes and conditions reappear [10]. Although
capturing such knowledge seems relevant to enhance diagnosis
systems, that should be done in a structured manner to enable
knowledge to be re-used [11].

Augmented Reality (AR) technologies can embed digital in-
formation in human operations in co-existence with real-world
objects [12]. They have been widely applied to support complex
human tasks (e.g. maintenance repair or medical surgeries) be-
cause of their abilities to transfer knowledge [13]. AR has also
been applied for knowledge capture and re-use in manual main-
tenance operations like repair and assembly [14]. However, there
is very little academic evidence of AR knowledge capture and re-
use applications in abstract operations like diagnosis reporting.
A possible reason relates to the complexities associated with
representing abstract knowledge and data input forms through
augmented content, which can result in incorrect reports [15].
Another reason involves diagnosis reporting tasks that require
the selection of items from extensive datasets like fault condi-
tions [11]. These can overload the augmented scene and the user’s
field of view if large selection lists are augmented without prior
filtering or recommendation of relevant items [16].
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In order to enhance knowledge capture and re-use in diagnosis
reporting tasks, this research proposes hybrid recommendations
and dynamic authoring for AR maintenance applications. This
proposal includes the following contributions:

1. A method to provide context-aware and ontology-based
AR recommendations to reduce extensive selection lists
in reporting applications through knowledge re-use for
decreasing reporting time.

2. A method to dynamically create and allocate content in
augmented scenes to avoid augmented content overload
and ease data input tasks for reducing reporting time and
errors.

This research aims to demonstrate that AR knowledge capture
and re-use applications can achieve sufficient reporting effective-
ness and efficiency to enable structured knowledge capture. Thus,
allowing to re-use it in consequent diagnosis reporting activi-
ties. Therefore, this research validates the proposed contributions
against conventional alternative reporting solutions for diagnosis
reporting tasks. Inspired by similar research works [4,17–19]
and well-established frameworks in design research [20], this re-
search employed the following methodological steps including (1)
Objectives identification based on literature and industrial user
studies as presented by Booth, Papaioannou and Sutton (2012),
(2) Solution design: ‘‘create a solution to satisfy the research
opportunities’’. (3) Solution demonstration: ‘‘prove the solution’s
use to satisfy the research opportunities’’. (4) Research valida-
tion: ‘‘measure the solution’s impact on research opportunities’’.
Efficiency experiments evaluated to impact of this research’s
proposals on two reporting tasks through comparison against
alternative reporting tools.

The rest of this paper’s structure is as follows. Section 2
presents a literature review on diagnosis applications and recom-
mendation techniques in AR research to detect current research
gaps. Section 3 describes the research’s contributions. Section 4
presents this research’s validation protocol along with experi-
mental methods and cases of study, along with the validation’s
results are analysed and discussed. Finally, Section 5 presents
this research’s conclusions and advances future works to enable
human knowledge integration in extended Industry 4.0 contexts.

2. Literature review

2.1. Diagnosis applications in augmented reality

Diagnosis can be described as the series of human activities
that determine the causes of asset’s failures or abnormal be-
haviours [21]. Such activities include different tasks such as man-
ual’s consultation, fault-finding investigation and reporting [22].
Diagnosis of a complex asset is a complicated task that involves
an assessment of various types of information and accurate judge-
ment, which is knowledge intensive, and therefore, requires a
knowledge support system to be effective [23,24]. AR technolo-
gies have the ability to contextualise virtual information and
so can improve the efficiency and effectiveness of diagnosis
tasks [25]. For example, Longo, Nicoletti and Padovano [4] de-
scribed an AR-Digital Twin integration model to augment sensor
data and service records for enhancing fault-finding tasks in shop-
floors. A similar approach was utilised by Avalle et al. [26] to
support fault detection on industrial robots. Ghimire, Pattipati
and Luh [27] and Khalil et al. [28] use integrative models of
equipment to understand relations between sensor data from
different components and visualise remaining useful life indica-
tors (e.g. fatigue). Others like Priya and Vasudevan [29], Wang
et al. [30] or Das, Dong and Scherer [31] made use of extended
2

AR tracking capabilities to detect missing or mis-shaped compo-
nents for enhancing visual inspection tasks. These studies took
advantage of AR technological capabilities (e.g. tracking) to de-
velop advanced data-driven prognostics for enhancing real-time
sensor-data visualisation that supports diagnosis tasks.

Besides data-driven diagnostics, AR research have also focused
on knowledge-based methods. Due to its knowledge transfer abil-
ities, academics identified AR as a suitable technology to provide
remote expert support for diagnosis tasks. Authors like Masoni
et al. [32], Rambach et al. [33] or Zenati-Henda et al. [34] focused
their efforts on user interfaces that allowed remote experts to
seamlessly integrate indications for on-site technicians to con-
duct fault-finding tasks. Others like Oyekan et al. [35], Hadar et al.
[36] and Mourtzis, Vlachou and Zogopoulos [37] provided intel-
ligent fault-tree algorithms to support early diagnosis stages and
reduce remote expert’s workload. These studies aimed to ease the
knowledge transfer from remote experts to on-site technicians,
although few papers analysed the effects of models utilised to
send such knowledge through AR. One of them, proposed by
the authors [38], described a message structure and associated
automatic content-creation rules to enhance knowledge sharing
in remote diagnosis scenarios.

Overall, AR research in diagnosis applications has focused on
improving sensor-data visualisation and remote expert knowl-
edge transfer for several diagnosis tasks such as fault-finding
or visual inspection. However, there is little academic evidence
on AR applications to support diagnosis reporting tasks. Hav-
ing a reliable fault reporting system is a paramount to ensure
high quality reusable information [39], minimising NFF incidents
[40,41], and human mistakes in safety -related system [42]. Al-
though, few papers made use of AR abilities for knowledge cap-
ture [4,34,38] or demonstrated its potential benefits in terms of
knowledge re-use [43].

2.2. Recommendation techniques in augmented reality

Knowledge re-use can be described as the series of pro-
cesses to capture, package and share knowledge [44]. Hence,
knowledge can be seen as a set of items (e.g. documents or
ontology’s instances) to be classified, evaluated and suggested
for a given purpose in a given context. That is the purpose of
knowledge-based recommendation systems [45]. Recommender
techniques have been widely applied in AR research to filter
and contextualise augmented content for reducing augmented
scene’s overload and improving task’s support [46]. For ex-
ample, Schaeffer et al. [46] proposed a content-based recom-
mender algorithm to inform consumers on product’s ecological
impact at the point of sale. Collaborative-filtering (user-based)
recommenders have also been used in AR, Lin and Chen [47]
described a deep-learning algorithm to advise learnings tasks
and methods through AR according to their learning stage. The
same applies to knowledge-based recommenders, Torres-Ruiz
et al. [48] described a pattern-matching algorithm to suggest
museum itineraries. AR studies have evaluated all kinds of recom-
mendation techniques (e.g. context-aware, content-based,
ontology-based, etc.), although most of them were applied for
commercial and educational purposes. While there exists evi-
dence of recommendation techniques for knowledge reuse in
diagnosis applications [21,22,49–51], the authors could not find
any that evaluated the potential benefits of AR technologies like
context-awareness for enhancing knowledge re-use.

2.3. Research gaps

Latest research reviewed on AR for diagnosis applications
makes use of its knowledge delivery abilities to support
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uman-related tasks like fault-finding or visual inspection with
nhanced sensor-data visualisation. Although the authors found
ome academic literature on AR diagnosis applications for sup-
orting knowledge capture tasks like reporting [43], it presented
ittle evidence of the effects and benefits of knowledge re-use.
owever, AR knowledge re-use abilities have been widely ap-
lied in other applications like education or tourism in the form
f recommendation methods [46]. Various recommender tech-
iques (e.g. knowledge-based, collaborative filtering or
ontext-aware) have been used mainly either to reduce user’s
ield-of-view overload or to improve AR support of human-
elated tasks. Moreover, research on diagnosis have also analysed
he benefits of knowledge re-use recommendation methods, al-
hough the authors could not find any that evaluated AR benefits
ike context-awareness.

Based on the discussions above, the authors identified several
esearch gaps on AR research for diagnosis applications. First,
here is lack of evidence on AR diagnosis applications for re-
orting tasks. Second, there is also little evidence of AR research
hat evaluates the effect of knowledge re-use in diagnosis appli-
ations. If both gaps were to be fulfilled, such research would
e able to evaluate the effects of AR technologies for diagnosis
eporting applications and also the benefits of context-aware
nowledge re-use techniques. This will help to further improve
he efficiency of diagnosis tasks and to ease the integration of
xpert knowledge as a data source for diagnosis systems or Digital
wins in the context of Industry 4.0. In order to contribute to
he fulfilment of both research gaps, this paper proposes (1) an
R-based hybrid recommender method for improving diagnosis
eporting tasks through knowledge re-use and (2) a method for
ynamic reporting-content creation. The former takes advantages
f both, knowledge-based and context-aware recommendations,
hrough AR authoring and tracking techniques. This research aims
o validate the proposal’s ability to enhance diagnosis knowledge
apture and re-use while sustaining the efficiency of fault-finding
asks. Thus, improving the integration and applicability of expert
nowledge in the context of Industry 4.0.

. Proposed methodology for hybrid recommendations and
ynamic authoring methods

In [52], the authors proposed a framework for automatic au-
horing in AR knowledge transfer applications (PMAU). It included
1) a method to declare programmable content formats and (2)
real-time, ontology-based, pattern-matching algorithm to pair

ormats and maintenance datasets.
This proposal (Fig. 1-a) had several limitations for knowl-

dge capture and re-use applications. First, it proposed static
ontent allocation that resulted on occlusion and overload is-
ues for assets bigger than 1.5 m in width. Second, it proposed
daptive content formats for knowledge transfer applications but
id not consider formats for knowledge capture ones that en-
ure correctness of data inputs. Third, it did enable to adapt
aintenance information to different content formats but did not
onsider adapting information itself to the maintenance context.
or solving the issues above and fulfil the research gaps identified
n Section 2, this paper proposes hybrid recommendation and
ynamic authoring techniques (RPMAU – Fig. 1-b) to extend the
revious proposal for knowledge capture and re-use applications.
his research’s contributions consist of the following:

1. A method to provide context-aware and ontology-based
AR recommendations to improve efficiency of diagnosis
reporting tasks through knowledge re-use.

2. A method to dynamically create and allocate content in
augmented scenes to avoid their overload and improve

efficiency and effectiveness of reporting tasks.

3

Fig. 2 presents an overview of the extended authoring method
(RPMAU) including the contributions proposed in this research.
Similarly to PMAU, RPMAU starts when the user ‘selects an on-
tological class’1 that represents the information that the user
wishes to report. Then, it analyses user-configured environment
and user features to discard content formats that are not suitable
for the augmented scene according to real-world conditions like
lack of light, noise, etc. After that, RPMAU also conducts semantic
analysis of content formats’ data facets and ontological asserted
properties to match which content formats (e.g. models or text)
are suitable to augment properties’ information. It is at this point
where RPMAU starts differing from PMAU. RPMAU proposes new
content formats that include checking features to ensure correct-
ness of data being reported. Matching of content formats and
ontological properties is referred in Fig. 2 as ‘assign fabrications’
because fabrications are defined as pieces of augmented content
that implement formats visualisation and interaction modes to
augment a set of individual properties. Once fabrications are
assigned, RPMAU also differs from PMAU as its ‘applies rec-
ommendation facets’. At this point, RPMAU uses the proposed
recommender technique to filter augmented information prior
to augmentation. Recommendation rules are declared as facets
so they can be implemented as an extension for programmable
content formats.

Once recommendations are applied, fabrications are ready for
augmentation in the scene in the form of elements. Elements
are sets of fabrications that comprise all asserted properties of
the ontological class being reported. Again, RPMAU differs from
PMAU as so does the method to ‘allocate a spot’ (Fig. 2) for
the element in the augmented scene. In RPMAU, the asset being
maintained is analysed in terms of its size to determine what
type of allocation is best to avoid content overload, either around
the user or around the asset. Once the content is augmented in
the scene, the user can interact with it for reporting purposes.
When the user is finished, RPMAU, differently to PMAU, ‘submits
the resultant ontology individual’ to the knowledge base and
keeps ‘trace’ of it for analysing the maintenance context in fur-
ther recommendations. This dynamic authoring combined with
semantic-based filter facilitate augmentation of different amount
of information to ensure the relevant augmented contents is
scalable in a wide range of scenarios.

Fig. 2 details the overview presented in Fig. 1-b in more detail. It
exemplifies how the RPMAU algorithm uses a class
(cl(prm,dcp,dop)– (1)), formats with recommendation facets
(ft(uf,ef,dfn,rfl) – (4)) and augmentation configuration
(ac(ace(seni),acu(dmj,dsk) to automatically generate augmented
content that provides context-aware, ontology-based recommen-
dations of individuals (in(prm,dcp,dop). The Figure displays
classes (cl), individuals (in), formats (ft) and augmentation con-
figuration (ac) as JSON objects to show their data. The figure
also presents the different steps of the RPMAU algorithm, includ-
ing their use of the abovementioned data along with the steps
inherited from PMAU. The resultant exemplary element and its
fabrications are displayed at the bottom of the figure. Each box
containing data (cl, in, ft, ac), RPMAU steps and user selections
have a different shape and colour as described in the legend.

The previous description of RPMAU in comparison with PMAU
includes the contributions proposed by this research, which are
explained in-depth in following subsections. First, Section 3.1
presents the dynamic authoring method as an extension for
knowledge capture applications of the previous automatic au-
thoring method for knowledge transfer applications [52]. This
includes RPMAU’s content formats and the context-aware content

1 Words between quotation marks in this paragraph refer to Fig. 2.
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Fig. 1. Overview of automatic authoring for knowledge (a) transfer and (b) capture applications — It compares software modules (development interface, information
management and AR application) in authoring approaches to identify new components needed for automatic authoring in knowledge capture.
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allocation method and. Then, Section 3.2 describes the context-
aware, ontology-based AR recommender technique that extends
the dynamic authoring proposal to enable knowledge re-use,
which comprises RPMAU’s recommendation facets and their ap-
plication. Finally, Subsection 3.3 presents these contributions
implemented to diagnosis reporting tasks.

3.1. Dynamic authoring for augmented reality knowledge capture
applications

The dynamic authoring proposal for AR knowledge capture ap-
lications can be considered an extension of a previous automatic
uthoring method for knowledge transfer applications presented
n [52]. This extension can be considered a relevant contribution
ince it proposes two new algorithmic modifications to the pre-
ious method for enabling AR knowledge capture applications.
hese modifications are (1) content formats for knowledge cap-
ure with data correctness checking features and (2) the context-
ware element allocation procedure. These are explained in the
ollowing subsections.

.1.1. Content formats for structured and correct knowledge capture
PMAU’s pattern-matching algorithm uses data, user and envi-

onment facets to assign and discard suitable content formats for
ugmenting a given ontology’s individual for knowledge trans-
er. PMAU’s proposal assumes that ontology individuals have
roperties (attributes and relationships) asserted and so, these
an be assigned to formats for augmentation. Nevertheless, AR-
ased individual instantiation (knowledge capture) would require
he AR user to make those assertions. In order for RPMAU to
ugment elements for individual instantiation, it would require
ome modifications to PMAU. These are the following:

1. It would require allowing the user to select for both indi-
vidual visualisation and instantiation procedures.

2. It would require determining ontology classes’ ‘‘exem-
plary’’ individuals to accept possible data facets’ rules of
value.
4

3. It would require submitting instantiated individuals to the
ontology server and so, ensuring instantiation correctness.

4. It would require programmable content formats capable
of capturing data correctly and efficiency through user
interaction.

PMAU’s proposal extends PMAU with the modifications above
o enable automatic creation of augmented content for knowl-
dge capture applications. The first requirement is solved by
mbedding a procedure selection option as part of AR applica-
ion’s initialisation behaviour. Thus, users can choose whether
se the AR application to visualise or instantiate ontologies’ in-
ividuals, which will affect further AR application’s behaviour
e.g. formats colour coding). The second requirement has been
olved by automatically generating ‘‘ideal’’ individuals for each
ntological class. A knowledge base call has been programmed
o that it identifies an instantiation of each property (attribute or
elationship) asserted to the class the user aims to instantiate. The
ubsequent http request retrieves the class example(cl) including
sserted properties to the class (pr) and inferred ‘‘component’’
nd ‘‘operation’’ distances (dcp, dop) utilised for content allocation,
ust as an individual in PMAU.

l =
(
pr1, pr2, . . . , prm, dcp, dop

)
(1)

rin =
(
resin,m,na, resin,m,ra, resin,m,ty, resin,m,va

)
, (2)

where m is the number of asserted properties to individual and

resin,m ∈ URI ∪ S ∪ R = uri, string or number that a property
instantiates, and

dcl,c : Cin × Cc → [0, ∞) (3)

where, c ∈ {component, operation} = class to which individual’s
distance is measured to

If a property assertion is not found in the server’s knowledge
base, then the resultant json object will include no value for that
property. Therefore, any ‘‘reporting’’ content format that has a
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Fig. 2. Dynamic authoring algorithm including hybrid recommendations to enable knowledge capture and re-use.
on-null data value rule will not be pairable to that property. This
ehaviour allows RPMAU algorithm to treat content formats for
nowledge transfer and capture similarly. Thus, identifying what
ile formats are required to record in case a content format allows
o do so (e.g. pictures).

The third requirement involves additional server calls to en-
ure submitted individuals are correct instances of ontology
lasses including correct assertion in terms of domain and range
f attributes and relationships instantiated. The reported indi-
idual is sent to the server in the form of a json object. A
5

http post request makes the necessary checks to ensure that
the individual only includes properties whose domains are the
instantiated class. It ensures that properties’ ranges are those
declared on the server’s ontology schema. If a property fails
to comply with these, the individual will not be added to the
knowledge base. The final requirement involves creating pro-
grammable content formats whose user interaction gives as result
data inputs. The research classified by visualisation modes and
their programmed behaviours and facets can be seen at 10.17862/
cranfield.rd.12382604. These formats aim to reduce reporting

http://dx.doi.org/10.17862/cranfield.rd.12382604
http://dx.doi.org/10.17862/cranfield.rd.12382604
http://dx.doi.org/10.17862/cranfield.rd.12382604
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able 1
escription of content formats classified by visualisation and interaction.
Format Visualise Interact Behaviour

Text dictation Text Dictate Utilises MRTK text-to-speech module to capture strings

Text automatic Text None Automatically records data value if property’s range is of datetime type

Text keyboard Text Tap Utilises HoloLens 2 default keyboard to input numerical values

Individual selection Text Tap Utilises user’s tap gesture to select individual from knowledge base. If new individual selected, then
activates new individual instantiation.

Datatype selection Text Tap Utilises user’s tap to select a value from a datatype set (e.g. boolean).

Model selection Model Manipulate Utilises user’s manipulation to select an individual based on its referred model (obj file).

Recommend selection Model + Text Tap Utilises individuals’ properties to filter them according to recommendation algorithm and allow user to
select from filtered selection.
s
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time by easing input visualisation and filtering input information.
They use a colour code to show interactive states: blue for
selectable, and green for selected.

Different to PMAU’s content formats, RPMAU’s content for-
ats require extra features to ensure data inputted through user’s

nteraction is correct according to formats data facets. For pro-
ramming content formats in RPMAU, developers need to imple-
ent data checking rules that comply with assigned properties

nstantiation rules for their ranges and types. For validation pur-
oses, this research implements content formats that comply
ith expected properties types and ranges: individuals, numer-

cal values, textual values, dataset values and components. There
re other datatypes like images or audio files which could also be
onsidered for creating new content formats. Future works can
mplement these to extend heterogenous datatypes that can be
aptured through RPMAU.
Table 1 describes RPMAU’s content formats and their be-

aviours implemented in this paper for validation purposes. For
xample, ‘Text keyboard’ is meant for inputting numerical values.
o, when the user introduces a non-numerical character, the
ormat will return an error asking the user to input numerical
alues only. ‘Individual selection’ allows to select from all indi-
iduals of a certain class by name as well as to instantiate new
ndividuals for continue with the reporting procedure. ‘Model
election’ allows to select an ontology individual based on model
iles asserted to it as a datatype property. Its aim is to reduce
nput time by using a different visualisation mode (model) than
ust referring to the individual by its name (text). ‘Recommenda-
ion selection’ uses hybrid recommendation methods to pre-filter
electable individuals. Thus, decreasing input time by reducing
ser’s selection options. Moreover, this format also implements
iverse visualisation modes (e.g. models) to simplify the selec-
ion process. The recommendation framework for improving AR
nowledge re-use applications utilised in this content format is
resented in Section 3.2.

.1.2. Context-aware element allocation procedure
PMAU’s content allocation assumed that augmented content

eeds to be overlaid around the equipment. So, maintainers have
on-occlusive information visuals from any perspective while
perating on the equipment. Nevertheless, this assumption has
imitations when equipment’s size is bigger than 1.5 m according
o authors’ testing. In this case, maintainers are required to highly
eviate from their focus for consulting augmented information.
his can become even more problematic when users are required
o move around the asset for reporting purposes. To alleviate this
ssue, RPMAU proposes to analyse equipment size and dynami-
ally adapt content allocation accordingly. When the equipment
s too big (>1.5 m), it maintains augmented content at specific
distances from the user. Otherwise, it enables for augmented
content to still be allocated around the equipment. Thus, enabling
users to have good visuals of augmented content at any given

situation. m

6

The proposed dynamic content allocation method firstly anal-
yses equipment’s size measures using equipment’s CAD model
boundaries. If any of these are bigger than 1.5 m, then it en-
ables the user-based allocation algorithm. Otherwise, it activates
the asset-based allocation algorithm. Secondly, this method allo-
cates newly created elements according to their assigned location
(primary, secondary, tertiary and quaternary) calculated from
ontological distances similarly to PMAU. In asset-based allocation,
elements are placed at the first-free spot in its location (primary
(1), secondary (4) or tertiary (6)). If there is not any free spot, then
the allocation algorithm eliminates the earliest element allocated
to that location and replaces it with the new one. In user-based
allocation, newest element created is assigned to the primary lo-
cation (1 spot). Any previous element in such location is moved to
the quaternary (6 spots) location and placed in the first free spot
available. If there is not any free spot, then the element replaces
the earliest one moved to the quaternary location. Overall, both
algorithms use a FIFO approach (First-In-First-Out) to allocate
elements to spots at any location. Because elements are placed
at different distances from the user, these need to be re-scaled in
some cases. The re-scaling process occurs considering element’s
width as re-scaling factor. Other measures (length and height)
are re-scaled accordingly. Element’s width (ew) is initially set at
0.5 m, which is sufficient for non-occlusive visualisation in user-
allocation cases. Therefore, elements’ re-scaling only occurs on
asset-based allocation cases and it is dependent on equipment’s
width. If asset’s width is bigger than 0.5 m, then element is
re-scaled according to the maximum between 2 and the rate
between asset’s and element’s width (rf = max(a/ew, 2)). Be-
ides, elements are embedded additional behaviour for always
ointing in user’s direction. Thus, allowing for easier visualisation
nd avoiding occlusive scenarios.
For this method to work, AR requires asset tracking to be

nabled. This research’s implementation uses Vuforia’s model and
mage target registration and tracking features to do so. Similarly
o other methods in this proposal, it uses ontology-related files to
oad in real-time model or image target tracking and related CAD
iles (‘‘.obj’’) to allow AR users to select the asset or equipment
o be maintained. This also enables other asset-based features
f this proposal like component spatial proximity filtering for
ontent-based recommendations.

.2. Hybrid recommendations for augmented reality knowledge re-
se applications

An important limitation in AR-based knowledge transfer and
apture relates to the size that different visualisation formats
ake to augment maintenance information. AR user’s field of view
s limited and so is the space available to augment content. In
R knowledge transfer applications, this issue can be solved by
ccurate information management. For example, if there is a
aintenance task that comprises various steps, this issue can be
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olved by linking steps in order rather than connecting all to the
ain task. Nevertheless, it is necessary to use more advanced in-

ormation filtering methods to solve this in AR knowledge capture
pplications. For example, if the AR application required to report
he step that was done last, then it would not be necessary to aug-
ent those steps that were conducted previously. Besides, such

iltering techniques can help to further improve efficiency of AR
nowledge capture applications. For example, if the AR applica-
ion was able to determine that the report was describing a repair
ask, then it could further filter ‘‘selectable’’ steps discarding
hose that are not repair-related. Overall, context-aware recom-
endations seem like reasonable methods to improve content
daptiveness in AR knowledge transfer and capture applications.
For realising automatic adaptive authoring in AR knowledge

e-use applications, this paper proposes a recommendation
ramework to enable content formats to filter the information
hey augment. This framework includes recommendation algo-
ithms as part of content formats in a generic manner. So, AR
evelopers can create formats which can filter the information
hey augment. The framework aims to describe hybrid content-
ased recommendation methods: context-aware and ontology-
ased. So, content formats can apply them automatically without
e-programming coded visualisation and interaction behaviours.
ecommendation facets (rf ) are the features declared by con-
ent formats that enable them to filter augmented information
selectable ontology individuals). These facets declare the instan-
iable property (napr,ft , rapr,ft ) subject to recommendation and
he rules (rr) to assess similarity between target and cases. The
nstantiable property subject to recommendation is declared by
ts name (napr,ft ) and range (rapr,ft ) for enabling the algorithm to
dentify recommendation targets. This instantiable property must
e present in a source data facet of the format that declares the
ecommendation facet.

fft,n =
(
napr,ft , rapr,ft , rrft,n,1, . . . , rrft,n,l

)
(4)

= property attributes of target case
= number of rules that comprises the recommendation

algorithm of a given format

Recommendation rules (rr) comprise the methods
mplemented in the recommendation facet to assess similarity
etween individual target and potential cases. These are defined
y similarity method’s type (rt) implemented, name (napr,rr )

and range (rapr,rr ) of property evaluated and the semantical
weighted features (xi, si) the implemented method utilises. Prop-
rty name and range declare the property being assessed, which
an be different to the property (attribute or relationship) being
ecommended. This research proposes four different similarity
unctions: binary, symmetric, discrete and spatial.

rrf ,l =
(
napr,rr , rapr,rr , rtrr,l, rsrr,l

)
(5)

rtrr,l ∈ {binary, symmetric, discrete, spatial}
srr,l = ((x1, s1), . . . , (xm, sm))

i ∈ R = realnumbers; si ∈ S = strings

Binary similarity assessment (rt = binary) implements Kro-
ecker’s delta function to compare target and case. It applies to
ny datatype and object property assessed.

imrtrr,i=binary(t, c) =

{
1, vaprc = vaprt
0, vaprc ̸= vaprt

(6)

simrtrr,i=binary(t, c) ∈ [0, 1]
7

Symmetric similarity assessment (rt = symmetric) imple-
ments a triangular function [53] to numerical-range properties
(e.g. xsd:double).

simrtrr,i=symmetric(t, c) = 1 −

⏐⏐vaprt − vaprc
⏐⏐

max(vaprt , vaprc )
(7)

simrtrr,i=symmetric(t, c) ∈ [0, 1]

Discrete similarity assessment (rt = discrete) implements
an analogous function to symmetric assessment but applicable
to string-range and object type properties for semantic evalua-
tion. To do so, it uses weighted semantical features declared by
recommendation rules.

simrtrr,i=discrete(t, c) =

{
xi, si ⊃ vaprc = vaprt
0, otherwise

(8)

Σmxi = 1
simrtrr,i=discrete(t, c) ∈ [0, 1]

Spatial similarity assessment (rt = spatial) implements an
analogous function to symmetric assessment that aims to eval-
uate the distance between real-world objects in the augmented
space. To do so, it uses context-aware features from AR track-
ing and registration techniques to measure distances between
objects.

simrtrr,i=spatial(t, c)

=

⎧⎪⎨⎪⎩1 −

⏐⏐t⃗c⏐⏐⏐⏐a⃗v⏐⏐ , vaprc ∈ Asset ∧ vaprt ∈ Asset

0, otherwise
(3-9)

simrtrr,i=spatial(t, c) ∈ [0, 1]

Fig. 3 presents the formulae declared to implement the spa-
tial similarity assessment function. When the asset to main-
tain is selected through RPMAU, AR registration can identify its
size, position and rotation in real-life. Besides, RPMAU does AR
tracking by overlaying the asset’s CAD model and scaling to
match the registered real-world counterpart. Because the asset’s
CAD model includes its components, then these can be traced
through their names in recommendation cases to measure the
distances between them according to the formulae in Fig. 3. Fig. 3
also presents an example of a distance calculation between two
components of this research’s case study.

Fig. 3 shows how to calculate the distance between target and
case components (tc) and the maximum distance (av) considered
as the asset volume. Recommendation rules are assessed through
a top-k nearest neighbour strategy (similarity (t, c)) by adding
similarities calculated from each rule. Based on fabrication’s size,
number of similar neighbours was set to three (k = 3) to avoid
augmented content overload in user-allocated scenes. Neverthe-
less, future research works should study the optimal number of
similar neighbours according to recommendations’ accuracy.

similarity (t, c) =

∑
i=1..l wi ∗ simrtrr,i (t, c)∑

i=1..l wi
; wi = 1/l (10)

Recommendation facets aim to filter object type properties
eing augmented for instantiation (napr,rf , rapr,ft ) and recommen-

dation rules apply to target (t) and cases (c) individuals. Cases are
therefore all individuals in knowledge bases whose asserted class
coincides with the range (rapr,ft ) of the recommendation facet.
Target is the last individual instantiated within the AR knowl-
edge capture application whose asserted class also coincides with
the range (rapr,ft ) of the recommendation facet. Recommenda-
tion facets download cases from knowledge bases and use the
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Fig. 3. Formulae for spatial similarity assessment and examples — An example is presented to describe formulae used in the spatial similarity assessment function
4–9).
roposed algorithm’s content tracing feature to identify targets.
n RPMAU, recommendation facets are applied once fabrications
ave been assigned (Fig. 2). So, they can identify if the properties
ssigned to their formats match their name and range.
Recommendation similarity strategy and methods aim to eval-

ate the impact of content-based recommendation techniques in
R knowledge re-use applications for reducing content overload
nd improving knowledge-capture efficiency. Moreover, semantic
nd spatial similarity assessment methods have been proposed
o take full advantage of ontology-based AR context-awareness
eatures. Nevertheless, this framework proposes a method to
enerically declare recommendation rules, so other approaches
an be implemented to take advantage of other AR proposed
eatures (e.g. content tracing, user performance, etc.).

. Application, results and discussion

.1. System implementation

The proposed solutions were implemented within a prototype
ystem for experimentation. This prototype consists of two sub-
ystems: (1) a cloud server for maintenance ontologies storage
nd (2) a HoloLens 2 AR application. Fig. 4 presents the lan-
uages and platforms utilised to code each subsystem. The cloud
erver storage uses the graphical database Neo4j [54] to store
aintenance ontologies and Cypher [55] and neosemantics [56]

o support data transfer through OWL and RDFS. Besides, the
erver incorporates a web-based application coded in EJS [57]
or maintenance experts to input maintenance data, which has
lready been described in [52]. And also a service provider built
n NodeJS [58] to transfer ontology data (e.g. classes, individuals,
tc.) and related files (e.g. obj, png, etc.) using HTTP requests
nd JSON objects to the AR application. The HoloLens-based AR
pplication has been coded and deployed using Unity Game En-
ine [59] and Visual Studio [60]. Content formats and recom-
endation facets and RPMAU’s algorithm have been coded in
# [61]. HoloLens interaction has been enabled with Mixed Re-
lity Toolkit [62]. Besides, Vuforia [63] has been used to enable
8

registration and tracking capabilities in the AR application and
has been coded to use the same JSON-based API to transfer from
the cloud server necessary ontology-related files like Vuforia’s
model targets.

4.2. Experiment design

This paper proposes recommendable content formats and dy-
namic authoring in for knowledge capture and re-use in AR main-
tenance applications. These aim to improve efficiency of mainte-
nance reporting applications by (1) enhancing data input through
instantiable augmented content and (2) data selection through
hybrid (context-aware and ontology-based) recommender facets.
These have been implemented for a case of study in diagnosis
reporting. Hence, this research’s validation aims to evaluate the
impact of dynamically-authored, recommendable content in the
efficiency of diagnosis reporting operations.

Since reporting operations are mostly human tasks, validation
of human–computer interaction technologies should focus on
their impact on human performance. However, the evaluation
presented in this study was to primarily assess the impact of the
proposed method on human productivity measure regarding ef-
ficiency (time), and effectiveness (errors) [64] rather than the
comprehensive evaluation of human–system ergonomics. Be-
sides, this paper proposes recommendations that can affect hu-
man performance in reporting operations and so, their accuracy
should also be analysed [30,65,66]. This research aims to analyse
the validity of this research’s contributions:

1. Recommendation facets (Section 3.2) can improve descrip-
tiveness (recommendations accuracy) of fault conditions
in diagnosis scenarios for improving reporting efficiency
(time).

2. Dynamic authoring and associated content formats (Sec-
tion 3.1) can improve human performance (time, and er-
rors) in diagnosis reporting operations.

Inspired by similar research [4,17,19,30], this research’s valida-
tion proposes experimental and survey methods to evaluate the
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Fig. 4. Description of the proposal’s implementation as a software system prototype — It replicates the structure of Fig. 1-b to present the logos of each tool/language
utilised to develop the system’s prototype.
Table 2
Overview of validation methods, criterions and objectives.
Method Quantitative Qualitative Objective

Experiments
Accuracy Evaluate the proposal’s ability to produce recommendations for identifying faulty conditions in diagnosis scenarios
Time Evaluate the proposal’s ability to reduce time for improving efficiency of diagnosis reporting operations
Errors Evaluate the proposal’s ability to reduce errors for improving effectiveness of diagnosis reporting operations
abovementioned research contributions. Table 2 presents these
methods, the criterions they aim to analyse and the objectives
for doing so.

For these methods and criterions to appropriately evaluate
iagnosis reporting effects, the following assumptions must hold
rue:

• Implemented recommendation facets select component con-
ditions that can be considered faults of the contextual fail-
ure. So, accurate recommendations and their selection can
affect diagnosis reporting performance through their ability
to simplify reporting tasks.

• Reporting operations consist of data input steps. So, errors
or incorrectly inputted values can be considered a measure
of reporting effectiveness. If the above is true, then time and
errors results should not be correlated.

• Reporting operations are human tasks. If errors can be con-
sidered a measure of reporting effectiveness, reporting time
can be considered a measure of reporting efficiency.

• Users completes the task. ‘completeness’ measure is inher-
ent and fulfilled by completion of all tasks and steps by the
users over the experiment.

alidation experiments require additional reporting tools to
hich compare this research’s proposal. These tools or solu-
ions should have different attributes regarding this research’s
ontributions. These attributes refer to recommendations (Sec-
ion 3.2) and dynamic augmented content (Section 3.1). As part
f this validation, the authors developed the following tools for
omparison:

• AR + Recommendations (ARR): this paper’s proposal in-
cludes both, augmented content and recommendations, for
knowledge capture applications (Section 3).

• AR + Non-Recommendations (ARN): an alternative AR solu-
tion that includes augmented content for knowledge capture
applications but not recommendations [52].

• Non-AR + Recommendations (TBR): an alternative non-AR
solution that only includes recommendations but not aug-
mented content [52]. This solution did not filter the recom-
mendation facets of the context of augmented contents.

• Non-AR + Non-Recommendations (TBN): an alternative non-
AR solution that neither includes augmented content nor
9

recommendations [52]. This was used as baseline for com-
parative analysis against the other three.

The following subsections describe these methods and their hy-
potheses as well as the case of study, experimental scenarios and
the experimental testers sample.

4.2.1. Stopwatch time, errors and accuracy studies
Stopwatch time, errors and accuracy studies aim to analyse

the effect of the proposed authoring solution (ARR) on reporting
effectiveness and efficiency compared to alternative solutions
(ARN, TBR, TBN) in different failure conditions (CNN and TEM).
Stopwatch studies consist of testers performing diagnosis re-
porting procedures regarding different failures, which collect
quantitative data regarding the abovementioned criterions. In
order to validate this research’s contributions (augmented con-
tent and recommendations), these studies evaluate the following
hypotheses:

1. ‘‘Recommendations accuracy improves with AR-based rec-
ommendations compared to non-AR recommendations’’. It
means that ARR should be better than TBR in terms of
recommendations accuracy.

2. ‘‘Reporting errors reduce with the use of augmented con-
tent compared to non-AR reporting solutions’’. Thus, ARR
and ARN should reduce reporting errors compared to TBR
and TBN.

3. ‘‘Reporting errors do not vary with the use of recom-
mendations compared to non-recommender reporting so-
lutions’’. It means that ARR should be similar to ARN and
TBR to TBN in terms of reporting errors.

4. ‘‘Reporting time decreases with the use of AR content
compared to non-AR reporting solutions’’. Thus, ARR and
ARN should reduce reporting time compared to TBR and
TBN.

5. ‘‘Reporting time decreases with the use of recommender
methods compared to non-recommender solutions’’. It
means that ARR should reduce reporting time compared
to ARN and TBR should do similarly compared to TBN.

Table 3 defines the quantitative variables relevant in these
studies, while Table 4 declares factor variable levels to evaluate
validity of these studies’ hypotheses. These stopwatch studies
employ the case studies from [52] because they are focused in
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able 3
escription of measured response and factor variables in reporting stopwatch studies.
Variable Type Definition

Time Response Number of seconds taken by a tester to complete a diagnosis reporting task of a given failure
Errors Response Number of mistakes when inputting failure data made by testers when conducting diagnosis reporting steps
Accuracy Response Number of times reporting fault condition is recommended and selected by a tester in a diagnosis reporting step
Failure Factor Incorrect asset behaviour that triggers a diagnosis reporting task
Solution Factor Reporting tool used by a tester to conduct a diagnosis reporting step
Completeness Factor Completion of each step and processes by all the users
Table 4
Description of relevant factors’ levels in reporting stopwatch studies.
Factor Level Definition

Failure CNN Electrical failure to which the experimented asset is setup to for testers to conduct diagnosis reporting procedures
TEM Electronic failure to which the experimented asset is setup to for testers to conduct diagnosis reporting procedures

Solution

ARR Proposed AR solution that includes content formats and recommendations for knowledge capture applications
ARN Alternative AR solution that includes content formats for knowledge capture applications but not recommendations
TBR Alternative non-AR solution that includes recommendations for knowledge capture applications
TBN Alternative non-AR solution that does not include recommendations for knowledge capture applications
Table 5
Overview of stopwatch experimental groups.

ARR ARN TBR TBN

CNN A C D B
TEM B D C A

diagnosis-related tasks. These case studies refer to the failures
that testers need to report as part of the experiments and their
reporting attributes are later described in Section 4.3. Finally,
they also do not consider testers’ IT expertise level as a relevant
factor. The decision was related to the scope of the experiments.
They aimed to evaluate the impact of content formats and rec-
ommendations in reporting (data input) tasks in terms of time
and errors. As part of the experimental protocol (Section 4.4)
testers were briefed on the reporting tasks to conduct (what data
to input about the failure occurred). This was to avoid potential
reporting errors due to lack of testers’ knowledge that would
have impacted the results. Thus, testers’ expertise level seemed
irrelevant as they were to have enough background on tasks to
perform.

Stopwatch studies aimed to test the proposed reporting so-
ution (ARR) against alternative solutions (ARN, TBR and TBN)
in diagnosis reporting tasks about two different failures. The
experimental procedure consists of three reporting tasks, each
one comprising an ontology individual to instantiate (’Step’, ’eval-
uatesState’, and ’diagnosisState’ –Fig. 5). Fig. 5 describes the experi-
mental setup, including the hardware devices embedded with the
reporting solutions and the case study asset (Section 4.3).

Each experiment consisted of a tester reporting one failure,
using one reporting solution. Twenty-eight testers completed
two experiments with different solutions, one for each fail-
ure. Testers were randomly allocated in one of four different
groups according to experimental factors. Table 5 presents these
groups according to their failure and solution. These failures
(Section 4.3) and solutions can be considered sufficiently differ-
ent in nature to not expect carry-over effects between experi-
ments. So, the experimental design can be considered between-
subjects for further statistical analysis.

4.3. Cases of study

This case of study comprises two diagnosis reporting tasks
(electric and electronic) of no-fault-found scenarios in a complex-
engineering asset. The reason to select no-fault-found scenarios
was to reflect in validation experiments the complexity of report-
ing tasks. Fig. 6 presents a picture of the case study’s asset. The
10
asset, named Helicopter Mission System (HMS), is a replica of an
electronic system whose aim is to control the navigation mission
of a helicopter. This replica was built with the same specifications
as the original in order to enable laboratory experimentation. This
system comprises three computers, one camera and an ethernet
switch to connect them altogether. The first computer, called
‘main mission computer’, is used as controller for the rest of the
elements and also controls the navigational parameters of the
helicopter. The second computer, or ‘client mission computer’,
is that used by helicopter pilots set the navigation mission. The
third computer, which acts merely as a ‘monitor’, is that from
which pilots control the ‘client mission computer’. The ‘camera’ is
there to provide pilots with a visual of the terrain while handling
the helicopter. Finally, the ‘ethernet switch’ aims to connect the
main mission computer to the client mission computer, the ‘mon-
itor’ and the ‘camera’ for further control. The system comes with
an integrated control monitoring system that evaluates electronic
performance parameters from its different elements. Due to its
criticality for piloting the helicopter, real-life maintainers are very
careful when reporting diagnosis procedures on it. Besides, the
control monitoring has some limitations regarding the electronic
parameters it can control due to system’s configuration.

These system’s complexities make them suitable for this re-
search’s experimental methods as they make these systems prone
to incur in no-fault-found scenarios, which are difficult to di-
agnose and report according to expert testers. Moreover, these
allowed to identify two common no-fault-found scenarios to
be used as experimental procedures. The following subsections
explains these failures and their reporting procedures.

4.3.1. Electric failure reporting scenario (CNN)
Fig. 7 describes the most mentioned electronic failure in re-

porting tests regarding the HMS. The failure is caused by a fault in
the cable that connects the ‘‘main computer’’ with the ‘‘ethernet
switch’’. This failure provokes a no-fault-found condition because
that cable cannot be monitored by the system’s control module.
The control module is managed by the ‘‘main computer’’ and
one of its limitations is that it cannot evaluate its own connec-
tivity to the ‘‘ethernet switch’’. When this disconnection occurs,
the control module shows the rest of the system’s components
(‘‘client computer’’, ‘‘monitor’’ and ‘‘camera’’) as disconnected
even though the connectors are in good condition. As shown in
Fig. 7, connectivity is measured through time, which is identified
as zero by the control module when disconnected. The exper-
imental reporting tasks are also shown in Fig. 7. Testers were
asked to report the failure’s root cause (blue), including a ‘Step’
and its ‘evaluated’ and ‘diagnosed’ ‘States’.
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Fig. 5. Description of diagnosis reporting experiment: (a) experimental setup and (b) task examples with hand-held (HHD) and head-mounted (HMD) devices.
Fig. 6. Overview of diagnosis reporting case of study: Helicopter Mission System (HMS) – It displays a picture of the HMS prototype at the top along with a schema
of its components at the bottom.
11
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Fig. 7. A graphical representation of the system components (left-side) as well as diagont’s classes and object and datatype properties assertions pre-configured
(grey – used by the recommender method) and to be reported (blue – by the tester) within the experiment.
Fig. 8. A graphical representation of the system components (left-side) as well as diagont’s classes and object and datatype properties assertions pre-configured
(grey – used by the recommender method) and to be reported (blue – by the tester) within the experiment.
4.3.2. Electronic failure reporting scenario (TEM)
Fig. 8 describes the most mentioned electric failure in expert

nterviews regarding the HMS. It is another example of no-fault-
ound because the thresholds established by the system’s control
odule are higher than the values that cause the failure. The

ailure consists of a hardware overload caused by too many soft-
are applications being run in the HMS simultaneously. When
his occurs, both ‘‘main computer’’ and ‘‘client computer’’ reach
PU temperatures higher than 60◦ Celsius (∼333 K). However,

the system’s control module cannot detect this issue because the
CPU temperatures monitoring thresholds are set for each CPU
independently at a temperature of 90◦ Celsius. Similar to previous
failures, Fig. 8 shows a simplified version of the failure report
including the steps to be reported by experimental testers (blue).
12
Fig. 9 shows the example of reporting task and the diagnosis
information to be reported on the Hololens. Some values for
attributes and relationships need to be defined by either creating
new or choosing from the recommended values. Table 6 shows
the value for each property in every step of the diagnosis task
for both tasks that must be filled in by the participants and the
number of options to choose from.

4.3.3. Experimental sample and protocol assumptions
A total of 28 MSc students (19 males and 9 females) par-

ticipated as testers in laboratory experiments. Their ages range
from 21 to 30 years and they are all enrolled in engineering-
related MSc degrees. Although they have some basic knowledge
in AR, ontology-based methods and maintenance due to their
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Fig. 9. Creating a new individual included fulfilling its relationships and attributes (e.g., ‘Unit’) by typing values or selecting one of the recommended options
(e.g., ‘Seconds’).
Table 6
Properties’ value needs to be filled by participants and the number of options to choose from.
Individual Property CNN correct result TEM correct result Number of options

Step is Contributory true true 2
Step is Critical true true 2
Step has Object cause cause 3
Step has Method measure measure 4
Step has Comparison equal to greater than 6
Step belongs to Task Test Test 10
Step next Is – – not needed for the test
Step diagnoses State State_Monitor_Fault State_Monitor_Overheat 5
Step evaluates State New New 5
Diagnosed State has Value 0 333 typed by tester
Diagnosed State has Date – – not needed for the test
Diagnosed State has Status faulty faulty 4
Diagnosed State has Unit seconds kelvin 14
Diagnosed State has Phenomenon signal error thermal shock 14
Diagnosed State has Dominion electrics electronics 6
Diagnosed State refers to Component Monitor Monitor
Diagnosed State causes Failure – – not needed for the test
Diagnosed State measured by Device – – not needed for the test
Evaluated State has Value 0 338 typed by tester
Evaluated State has Date – – not needed for the test
Evaluated State has Status faulty faulty 4
Evaluated State has Unit seconds kelvin 14
Evaluated State has Phenomenon signal error thermal shock 14
Evaluated State has Dominion electrics electronics 6
Evaluated State refers to Component Monitor Monitor
Evaluated State causes Failure – – not needed for the test
Evaluated State measured by Device – – not needed for the test
courses, they have no previous hands-on experience in any of
them. So, they were given a short training on AR devices right
before experimentation to avoid the presence of any learning
13
curves. Testers were randomly allocated to one of the four groups
(A (7), B (7), C (7) or D (7) –Table 6) to avoid ‘‘carry-over’’ effects
between failures while using two different reporting solutions.
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This experimental protocol aims to validate this research’s
proposed methods against its expected contributions. For this
validation to be coherent, there are few assumptions to consider:

• In order to keep consistency within experiments, these were
conducted in a laboratory environment to maintain constant
other factors (e.g. ergonomics or lighting conditions) that
may affect the results. Hence, these factors were considered
out of these experiments’ scope.

• Experimental sample size for the abovementioned statistical
tests can be estimated ‘‘a priori’’. Such estimation can be
done using a F test for the most requiring analytical test
(two-way ANOVA between-subjects). With 4 factor groups
(failure and solution), a variance of 0.3 (partial eta squared),
a type-I error of 0.1 (alpha) and a power of 0.9 (1 – beta), the
resultant sample size is 31 people. That is quite close to the
28-sample size used in these experiments. These numbers
are similar to those achieved by similar researches [4,18]
(30-sample size).

• Testers are MSc students with none or very little experience
in AR or maintenance. Although this ensures a baseline
for measuring reporting effectiveness and efficiency, further
experiments should be required to corroborate laboratory
results in real-life working conditions with real maintainers
to ensure validity of these hypotheses.

This protocol’s results are discussed in the following section.

4.4. Results

This section aims to discuss experimental results regarding
the validity of research hypotheses presented in Section 4.2.
Its results are analysed and discussed in the following subsec-
tions to evaluate this research’s hypothesis validity. The com-
plete datasets and analyses can be found at 10.17862/cranfield.
rd.12382604.

4.4.1. Recommendations accuracy study
The aim of this study was to validate the following hypothesis:

‘‘Recommendations accuracy improves with AR-based recommenda-
tions compared to non-AR recommendations’’. Recommendations
accuracy is defined as the number of times recommender meth-
ods suggested failures’ root causes and these were reported by
testers. Stopwatch experiments consisted of testers completing
diagnosis reporting procedures about two different failures (CNN
and TEM – Section 4.3) using different reporting tools. Since stop-
watch experiments only offered one recommendation per experi-
ment, recommendation accuracy values can range between 0 and
1. Two of the experimented reporting tools were AR (ARR) and
non-AR (TBR) recommender solutions. According to this study’s
aim, this paper’s proposal (ARR) was hypothesised to provide
higher accuracy than TBR.

Fig. 10 presents average recommendation accuracy results
group by solution and failure factors. These results suggest a con-
siderable difference in accuracy between ARR and TBR for both,
electric (CNN) and electronic (TEM) failures. In electric failure
experiments, recommendations accuracy was almost double for
ARR (0.857) compared to TBR (0.429). In electronic failure exper-
iments, accuracy was 2.4 times better for ARR (0.714) compared
to TBR (0.286). These differences can be considered statistically
significant (p-value = 0.022) with a confidence interval of 95% (p-
value < 0.05) according to the results of t-test (between-subjects)
presented in Table 7.

Overall, recommendations accuracy analyses indicate that the
proposed AR-based content-aware recommender (ARR) has im-
proved accuracy compared to a more conventional ontology-
based (TBR) recommender. Thus, demonstrating the validity of
14
Fig. 10. Average recommendations accuracy for TBR and ARR solutions per
experimental failure, with the standard deviation represented by error bars.

Table 7
Between-subjects t-test results on recommendations accuracy variance per
solution.
Solution Testers Mean Std. dev. T Df p-value Significant

(95%)

ARR 14 0.786 0.426 2.449 25.39 0.0215 Yes
TBR 14 0.357 0.497

this study’s hypothesis. Based on the definition of recommen-
dations accuracy, there are two complementary explanations for
these results. First, AR-based hybrid recommendations (ARR) are
more precise and provide correct suggestions more often than
conventional ontology-based tools (TBR). Second, augmented con-
tent formats provide easier visualisation of recommended fault
conditions allowing the tester to choose correctly more often.
Future works can investigate the independent effect of each cause
through experimentation in real-life conditions.

4.4.2. Errors effect study
The aim of the errors effect study was to validate the two

following hypotheses:

• ‘‘Reporting errors reduce with the use of augmented content
compared to non-AR reporting solutions’’.

• ‘‘Reporting errors do not vary with the use of recommenda-
tions compared to non-recommender solutions’’.

Stopwatch experiments also counted reporting errors, which
aimed to measure reporting effectiveness as the number of
testers’ mistakes in data input tasks. The number of data input
tasks varies with the ontology classes being instantiated at each
experiment. Hence, errors rates are the percentage of errors
by total number of data input tasks per reporting experiment.
According to the hypotheses above, errors rates are expected
to decrease with AR (ARR, ARN) compared to non-AR (TBR,
TBN) reporting solutions but be similar among recommender and
non-recommender (ARR vs ARN and TBR vs TBN) solutions.

Fig. 11 displays average errors rates per experimental solu-
tion and failure. These results indicate a considerable difference
between AR (ARN, ARR) and non-AR (TBN, TBR) solutions but
no relevant effect of recommendations (ARR vs ARN, and TBR
vs TBN) in terms of reporting errors. For both experimental fail-
ures, average errors rates vary similarly for each solution. Non-
AR reporting tools had errors rates ranging between 19%–21%,
while AR-based reporting methods achieved smaller errors rates
ranging between 10%–12%. Besides, recommender solutions (ARR,
TBR) had slightly higher errors rates compared to their non-
recommender counterparts (ARN, TBN). This can be caused due to

http://dx.doi.org/10.17862/cranfield.rd.12382604
http://dx.doi.org/10.17862/cranfield.rd.12382604
http://dx.doi.org/10.17862/cranfield.rd.12382604
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Fig. 11. Average reporting errors rates for TBN, TRB, ARN and ARR solutions per experimental failure, with the standard deviation represented by error bars.
Table 8
Two-way ANOVA between-subjects test results on errors rates for failure and
solution factors.
Factor Df Sum Sq Mean F Value Pr (>F) Significant

(95% ci)

Failure 1 0.0020 0.00015 0.010 0.9215 No
Solution 3 0.2439 0.08131 5.263 0.0019 Yes
Failure:Solution 3 0.0010 0.00035 0.022 0.9954 No
Residuals 122 1.8848 0.01545

Table 9
Significance (p-value) results on post hoc comparisons (Tukey HSD) between
olution factors in errors rates results.

TBN TBR ARN ARR

TBN – 0.99996 0.00779 0.05976
TBR 0.99996 – 0.01886 0.09085
ARN 0.00779 0.01886 – 0.98113
ARR 0.05976 0.09085 0.98113 –

the impact of recommendations on the number data input tasks,
which decrease with the use of recommendations.

Further analyses can identify the significance of the differences
iscussed above. Table 8 presents a two-way ANOVA between-
ubjects test conducted to analyse errors rates variance with
ailure and solution experimental factors. According to its results,
t can be said with a confidence interval of 95% (p-value < 0.05),
hat ‘solution’ is a significant factor (p-value = 0.0019) while
failure’ and their interaction (solution-failure) are not. Moreover,
ost-hoc comparisons results from the Tukey HSD test (Table 9)
an help to evaluate differences between solutions on errors
ates results. These indicate that ARR and ARN errors rates are
ignificantly different (p-value < 0.05) to TBR and TBN. They also
how no significant differences between ARR and ARN, and TBR
nd TBN.
This studies’ hypotheses assume reporting errors and time

o measure respectively effectiveness and efficiency. For this as-
umption to be true, these variables should not be correlated.
ig. 12 presents Pearson’s correlation test results. With a confi-
ence interval of 95% (p-value < 0.05), it can be said that the
orrelation is not significant (p-value = 0.53). So, the assumption
egarding errors as effectiveness measure and time as efficiency
easure can be considered valid.
Overall, previous discussions support validity of the follow-

ng considerations regarding the effect on completion errors of

R-based and recommendable reporting solutions:

15
Fig. 12. Scatter plot displaying error rates versus completion time in seconds
to show their correlation, with Pearson’s correlation test results at the top left.

• Correlation between reporting errors and times results can-
not be considered significant.

• Errors can be considered a measure of reporting effective-
ness and time a measure of reporting efficiency.

• Differences in errors rates among experimental failures can-
not be considered statistically significant.

• Errors rates for AR reporting tools (ARR, ARN) are half of
those from non-AR reporting solutions (TBR, TBN).

• Differences in errors rates between AR and non-AR reporting
solutions can be considered statistically significant.

• Errors rates for recommender tools (ARR, TBR) are 10%
higher than those from non-recommender reporting solu-
tions (ARN, TBN).

• Differences in errors rates between recommender and non-
recommender solutions cannot be considered statistically
significant.

• Increase on errors rates for recommender tools can be
caused due to the impact of recommendations in the num-
ber of data input tasks.

These results indicate the validity of this research’s hypotheses
regarding the effect of AR content and recommenders in reporting
effectiveness. AR content formats for knowledge capture enabled
data input methods with embedded correctness-checking fea-
tures, which can have a positive effect on data input mistakes.
Instead, recommenders reduce the number of data input tasks
and so, their effect cannot be considered significant in reducing
their errors.
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Fig. 13. Average reporting times in seconds for TBN, TBR, ARN and ARR solutions per experimental failure, with the standard deviation represented by error bars.
4.4.3. Time effect study
The aim of the time effect study was to validate the two

ollowing hypotheses:

• ‘‘Reporting time decreases with the use of AR content com-
pared to non-AR reporting solutions’’.

• ‘‘Reporting time decreases with the use of recommendations
compared to non-recommender solutions’’.

Stopwatch experiments measured reporting time to evaluate
eporting efficiency. Time is defined as the number of seconds
aken by a tester to complete reporting tasks regarding the diag-
osis of a failure’s root cause (CNN and TEM). Testers employed
iverse reporting solutions (ARR, ARN, TBRN and TBN – Sec-
ion 4.2) to accomplish these tasks. According to this study’s
ypothesis, this paper’s proposal (ARR) is expected to obtain
owest reporting times, TBN the highest and TBR and ARN in
etween the other two.
Fig. 13 presents average reporting times per experimental

olution and failure. These results show considerable differences
etween the proposed solution (ARR) and non-AR (TBR) and
on-recommendable (ARN, TBN) alternatives in both failure ex-
eriments. In electric failure experiments (CNN), ARR testers were
5 s faster than TBN’s, while ARN’s and TBR’s were 10 and 4 s
aster than TBN testers. In electronic failure experiments (TEM),
esults also show similar differences. ARR testers are 61 s faster
han TBN, while ARN’s are 22 and TBR’s are 11 s faster than
BN testers. These results indicate that both AR content and
ecommendations have a positive impact on reporting times,
ccording to the comparison of ARN and TBR against TBN results.
oreover, these results suggest that the combined effect of both,
R content and recommendations, has a greater impact than each
ndependently, according to the comparison of ARR against ARN
nd TBR results.
Further analyses can identify the statistical significance of

ifferences discussed above. Table 10 presents the results of
two-way ANOVA between-subjects test conducted to analyse

eporting time variances with failure and solution experimental
actors. According to its results, the solution factor effect is sta-
istically significant (p-value = 4.54e−07) while the failure factor
annot be considered significant (p-value = 0.08) for a confidence
interval of 95% (p-value < 0.05). Moreover, post hoc comparisons
results from the Tukey HSD test (Table 11) can help to evaluate
differences between solutions on reporting times per experimen-
tal failure. Comparison results indicate that ARR is significantly

different to other alternatives in electric failure experiments,

16
Table 10
Two-way ANOVA between-subjects test results on times for failure and solution
factors.
Factor Df Sum Sq Mean F Value Pr (>F) Significant

(95% ci)

Failure 1 006072 06072 02.964 8.75e−02 Yes
Solution 3 074638 24879 12.145 4.54e−07 Yes
Failure:Solution 3 010500 03500 01.708 1.68e−01 No
Residuals 132 270415 02049

and significantly different to non-AR alternative solutions (TBN
and TBR) in electronic failure experiments. Besides, the non-
recommender AR solution (ARN) is not significantly different on
reporting times achieved to non-AR alternatives in any experi-
ment. Hence, it can be said that AR achieves improved reporting
times when implementing both, AR content and context-aware
recommendations.

Overall, previous discussions support validity of the following
considerations regarding the effect on reporting time of AR-based
and recommendable reporting solutions:

• Differences in times between experimental failures cannot
be considered significant.

• Differences among AR-recommender (ARR) solutions and
alternative solutions (ARN, TBR, TBN) can be considered
significant.

• Differences among AR-non-recommender (ARN) solutions
and alternative solutions (TBR, TBN) cannot be considered
significant.

• In electric failure experiments, average reporting time for
ARR is 20%–23% faster than alternative solutions (ARN, TBR,
TBN).

• In electronic failure experiments, average reporting time for
ARR is 22%–38% faster than alternative solutions (ARN, TBR,
TBN).

These considerations indicate the validity of this research’s
hypotheses regarding the effect of AR content and recommen-
dations in reporting efficiency. AR content formats enabled sig-
nificantly faster reporting times but only when implementing
context-aware AR-based recommendations.

4.5. Discussion

Previous analytical results aimed to evaluate this research’s
hypothesis (Section 4.2) for demonstrating the validity of this re-
search’s contributions (Section 4). The first validation hypothesis
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ignificance (p-value) results on post hoc comparisons (Tukey HSD) between solution and failure factors groups in time results.

CNN:ARN CNN:ARR CNN:TBN CNN:TBR TEM:ARN TEM:ARR TEM:TBN TEM:TBR

CNN:ARN – 0.33708 0.99571 0.99990 1.00000 0.25393 0.01221 0.99151
CNN:ARR 0.33708 – 0.08181 0.23972 0.26759 1.00000 0.00001 0.10554
CNN:TBN 0.99571 0.08181 – 1.00000 0.99891 0.05421 0.10068 1.00000
CNN:TBR 0.99990 0.23972 1.00000 – 0.99999 0.17890 0.11494 0.99995
TEM:ARN 1.00000 0.26759 0.99891 0.99999 – 0.19622 0.01922 0.99700
TEM:ARR 0.25393 1.00000 0.05421 0.17890 0.19622 – 0.00000 0.07378
TEM:TBN 0.01221 0.00001 0.10068 0.11494 0.01922 0.00000 – 0.27459
TEM:TBR 0.99151 0.10554 1.00000 0.99995 0.99700 0.07378 0.27459 –
stated that ‘‘recommendations accuracy improves with the use of
AR-based hybrid recommendations (ARR) compared to conven-
tional ontology-based recommendations (TBR)’’. Accuracy effect
study (Section 4.1) analysed the relation between recommenda-
tions proposed and chosen by testers and recommender methods
in diagnosis reporting experiments. Its results showed that the
proposed method’s accuracy (ARR) was 2.2 times significantly
higher than conventional recommender’s (TBR) on average for
both experimental failures. Therefore, this hypothesis can be con-
sidered valid within the context of the experiments conducted.
This research work extend the existing knowledge on ontology-
based diagnosis [21,22,49] and presents a context-aware and
ontology-based AR recommendations to improve efficiency of
diagnosis reporting tasks through knowledge re-use. These re-
sults imply that the proposed context-aware and ontology-based
AR recommender method enhances knowledge re-use in diag-
nosis reporting tasks. The identified accuracy improvements can
be the result of: (1) more precise recommendations and (2)
more correct testers’ selections caused by contextualised visu-
alisations. These capabilities appear to address the diagnosis ef-
ficiency problem in knowledge integration without overloading
domain experts, especially when there are many regions to di-
agnose and report [23]. Furthermore, these capabilities also play
an important part in minimising latent usability-related design
flaws identified in medical equipment [41]. The knowledge-reuse
from the database and the analysis of the maintenance data are
the key components to help organisations identify whether a
fault is usability-related. Hence, it enables an effective mitigation
strategy to reduce the frequency of NFF reporting [41]. Future
studies can investigate the independent effects of each cause in
real-life experiments to quantitatively measure their independent
impacts.

The second validation hypothesis assumed that ‘‘errors are a
easure of reporting effectiveness and time is a measure of reporting
fficiency’’. Pearson’s correlation test’s results indicated that the
orrelation between these response variables could not be con-
idered statistically significant. Moreover, Cohen’s interpretation
f correlation test’s results suggested that even if correlation was
ignificant, it was small. Hence, it can be said that within the
ontext of this research’s experiments the assumption above can
e considered valid.
The third validation hypothesis enounced that ‘‘errors reduce

ith AR reporting solutions compared to non-AR ones’’. And
he fourth one stated that ‘‘errors reduce with recommender
eporting methods compared to non-recommender ones’’. Errors
tudy analysed the effect on errors rate per reporting task of
iverse reporting tools (ARR, ARN, TBR, TBN) in failure diagnosis
xperiments. Errors rates for AR-based tools (10%) reduced 50%
ompared tablet-based solutions’ errors rates (20%) in both exper-
mental failures. Besides, two-way ANOVA test results indicated
tatistical significance of these differences within the experi-
ents’ context. Therefore, the second hypothesis can be consid-
red valid but not the third one. These results also align with
his research’s contributions that expected only the proposed
ynamic authoring method to improve effectiveness (errors) of
17
diagnosis reporting tasks. Due to the nature of experiments, er-
rors were measured per reporting task. A possible explanation for
these conclusions is that AR methods allow to contextualise com-
plex data input tasks, while recommender methods reduce their
total number. These two features have been considered critical to
enable accurate evaluation process as they increase the quality of
information through individual aggregation and contextualisation
which lead to reduced uncertainty in associating the recommen-
dation facets [4]. Besides, the quality of information in a useable
format is a critical issue for devising optimal maintenance strate-
gies such as the use of fault reported data for reliability study.
This approach can bridge the gap for a mechanism to collect
high quality information for reliability analysis and to enable
data-driven condition monitoring [39]. Moreover, the proposed
fault-reporting approach that led to improved reporting errors
could also minimise human failures takes place in safety-related
system due to ineffective fault reporting system for instance
at a nuclear power plant [42]. Furthermore, the decreased in
reporting errors can potentially reduce the likelihood of reported
symptoms to end up in NFF which is often caused by incorrect
assessment made by inexperienced engineers on the diagnostic
path [40]. Future works can extend recommendation facets to
different datasets for studying recommenders’ effects in singular
data-input tasks.

The fifth validation hypothesis stated that ‘‘time decreases
with the use of AR reporting solutions compared to non-AR ones’’.
And the sixth one enounced that ‘‘time decreases with the use
of recommender reporting tools compared to non-recommender
ones’’. Time study (Section 4.3) evaluated the effect on time of
AR and recommender reporting and their counterparts in fail-
ure diagnosis experiments. In electric failure experiments (CNN),
ARR testers were 45 s faster than TBN’s, while ARN’s and TBR’s
were 10 and 4 s faster than TBN testers. In electronic failure
experiments (TEM), results also show similar differences. ARR
testers are 61 s faster than TBN, while ARN’s are 22 and TBR’s
are 11 s faster than TBN testers. Besides, two-way ANOVA test
results indicated a significant effect of the solution factor on ex-
perimental time results. Post hoc comparisons from Tukey’s HSD
tests confirmed that resultant differences were mostly driven by
the variances between the proposed reporting tool (ARR) and
different alternatives. Overall, these results suggest the valid-
ity of both time-related hypothesis together as the proposed
AR-recommender solution was found faster than its counter-
parts in diagnosis reporting experiments. These results imply that
the proposed AR recommender and dynamic authoring methods
improve efficiency of diagnosis reporting tasks. They also sug-
gest the need to correlate AR content and recommendations to
improve their efficiency. Thus, indicating that efficiency improve-
ments in reporting tasks through AR are only achieved through
knowledge capture and re-use combined. This also aligns with a
knowledge-based Building Information Model (BIM) system that
incorporate reasoning capability to search relevant information
facets to achieve more efficient and effective knowledge cap-
ture [24]. Future studies can investigate this correlation more in-
depth to quantitatively measure their independent effects. They
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an also further corroborate this research’s results applying the
roposed methods to other AR-maintenance knowledge capture
pplications.

. Conclusions and future works

This paper proposed (1) a method to provide context-aware
nd ontology-based AR recommendations to reduce extensive
election lists in diagnosis reporting tasks and (2) a method to
ynamically create and allocate content in augmented scenes to
void augmented content overload and ease data input tasks.
heir aim was to prove that automatic recommendable authoring
an improve efficiency and effectiveness of AR knowledge cap-
ure and re-use in diagnosis reporting applications. They were
mplemented in a cloud-based AR system prototype for vali-
ation with effectiveness and efficiency experiments in report-
ng diagnosis operations. Experimental results indicated that the
roposed AR-recommender reporting method (ARR) reduces re-
orting errors (50%) and time (20%) compared to alternative
on-AR (TBR) and non-recommender (TBN, ARN) solutions. These
esults also displayed that recommendations’ accuracy doubles
or the proposed AR-based hybrid techniques (ARR) compared
o conventional ontology-based methods (TBR). Besides, surveys
esults suggested that testers perceived the proposed reporting
olution as more effective and satisfactory than its non-AR and
on-recommender counterparts. Thus, proving that the proposed
ethods can improve effectiveness and efficiency of diagnosis

eporting applications.
The proposed methods for automatic recommender authoring

ontribute to fill an important research gap towards the integra-
ion of human operations in digital maintenance. Maintenance
eporting operations are performance and mentally demanding
nd so, prone to errors in efficiency-challenging conditions. These
ften result in reports with decreased accuracy and unstructured
nowledge difficult to re-use. The proposed hybrid recommender
an increase the accuracy of recommendations, reducing the size
f selection lists to decrease reporting time. The proposed dy-
amic authoring method can reduce augmented scene’s overload
o further reduce reporting time. Besides, it can automatically
roduce augmented content that checks correctness and eases
dentification of reported data to reduce reporting errors. Hence,
his research’s proposal can contextualise and structure diagnosis
eporting tasks and increase the correctness of reported data.
hus, enhancing the digitalisation of diagnosis reporting opera-
ions and facilitating capture and re-use of human knowledge in
igital maintenance.
Future works will explore further applications and enhance-

ents of the proposed methods for pursuing human knowledge
ntegration in digital maintenance. The following extends the
uture works described within this paper’s discussions. Dynamic
ontent allocation: (1) Investigate factors that can cause oc-
lusion in AR maintenance applications and improve proposed
llocation and scaling mechanisms to reduce it. (2) Study dynam-
cs of AR knowledge capture applications and improve proposed
llocation mechanisms to enhance content navigation. Content
ormats: (1) Develop advanced methods to determine input data
orrectness for further reducing reporting errors and improv-
ng effectiveness. (2) Develop adaptive content formats accord-
ng to user and environmental conditions (e.g. performance or
ight) for further decreasing reporting time and improving effi-
iency. Recommendation facets: (1) Extend the proposed rec-
mmendation framework to different techniques (e.g. collabora-
ive filtering) and implement automatic data collection methods
e.g. content-tracing or eye-tracking) for improving recommen-
ations accuracy. (2) Develop new content formats and recom-
endation facets for different maintenance reporting operations
18
e.g. service logs) to extend integration of human knowledge in
igital maintenance.
AR technologies are information visualisation tools that can

mooth knowledge transfer between humans and digital systems.
uture works aim to find necessary research towards a frame-
ork for automatic recommender authoring for AR knowledge
ransfer and capture applications. The object of the future study
hould also address AR interfaces usability aspects (e.g. improving
he aspect of ease of use, intuitiveness, etc.). Thus, envisioning a
uture where maintenance digital systems can integrate human
nowledge to its full extent.
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