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ABSTRACT

Complex working environments call for flexible emypdes willing to continuously increase their knovgedand to adapt
to new processes. As a consequence a lot of timéchiae spent on the search for appropriate infiomand learning
material. We present a new approach for semarttieval of learning units considering the workingneext. Basis is an
ontology with attached binding weights and semasfireading activation to get a context-aware rankifi suitable

learning units. The gained semantic search remais fit better to the learner’s actual situatioartte.g. a pure full-text
search, because the underlying ontology-basedevatris aware of relations in the search domain aseés this
knowledge in a way aligned to the learning proessegell as to the specific domain. The resultshmvn in a prototype
implementation for Synthetic Aperture Radar (SAR)dgmanterpretation.
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1. INTRODUCTION

Lifelong learning is no longer a flowery phrase;, fieost people it is reality. Especially at worksino longer
possible to think of a completely trained employwd® knows everything when starting a new task. derp
systems and complicated workflows demand flexilohpleyees who are willing to enhance their knowledge
and to deal with new challengds:learning technologies can assist these employees.

The work of an image interpreter, especially in tltanain of aerial reconnaissance, perfectly fits th
description above. The image interpreter must neigegobjects (such as vehicles, buildings, roatts) and
interpret their meaning based on aerial imagedefgifit sensor and imaging parameters, a high yairiet
appearance of objects around the globe and tinespre create a challenging working environment. &fne
the most demanding tasks is the analysis of comfaeiities (such as airfields, harbors and indaétr
installations) based on Synthetic Aperture Rad#&R)Simages. Similar conditions also apply for image
interpreters in the medical domain who have to atlajindividual problems and various interactiorgeg
by nature. In histology for example the imageshofi tslices of tissue are analyzed to provide diagoo
information. The diagnostic result is then directiated to the quality of the image interpretation

To ease the identification and classification pescassistance systems are developed which helséne
to classify objects in an image. Although thesetesys can offer a wide variety of tools, e.g. foraga
processing, image annotations or automatic classifin [Bauer2008, Cootes2001], the human-factahén
interpretation process still remains the esseat@hent of correct and sound interpretation.

As the user constantly interacts with the assigtaystem during the interpretation process, theesyss
well aware of the current state of the task. F@neple, it collects information on objects which @already
been recognized. This knowledge about the curtatet ®f the task can be used in order to provideuser
with useful learning units of an e-learning syst@&s ,soon as he reaches the limits of his curremwlauge
and experience. To achieve this, we present a n@woach for semantic retrieval of learning units
depending on the current task context. Our appr@ablased on an ontology with attached binding tisig
and semantic spreading activation [Crestanil997provides the user with qualified learning materia
intelligently retrieved based on the current wogksituation. This is in contrast to previous systemiere
the retrieval of learning material is solely basedtext retrieval methods, thus considering a kohisearch
space only.



The preliminary results of our work are shown inpeototype implementation for SAR image
interpretation. The goal is to optimally assist fheage interpreter in his work by offering apprepei
learning units for search objects in an image.

Related Work

In this paper an ontology-based spreading actimatétrieval algorithm is presented which enables d¢h
learning system to find learning material tailotedhe user model.

Using ontologies in e-learning systems and linkasgistance systems is a growing field of research
[Amorim2006, Forberger2009]. Ontologies are usethtulel teaching knowledge [Borst2006] as well as to
exploit Semantic Web techniques to enable for msasemantic search [Guha2003] and reasoning
[Henze2004]. However, pure semantic search lackbdrcontext of true information retrieval the &bito
rank the results which renders the search procegtam data retrieval only. Combined with weigintghe
semantic network a mechanism based on the spreadingtion principle [Collin1975] is able to yield
scores for each accounted concept to enable raokingsults. Spreading activation in informatiotrieyval
can be seen in [Cohenl1987] and [Crestanil997]. jwraach similar to ours but without reference to
context-aware e-learning is shown in [Rocha2004jens a search architecture is presented that cembin
classical search techniques with spreading actirdtichniques to execute semantic searches in tesbsi

Rather than using keywords as user input for theas¢ic search it is possible to provide the setaohs
automatically by preceding systems, e.g. by ans@ssie system. This can be seen as intelligently
interlinking multiple assistance systems. Inteiilimgkof assistance systems and e-learning systembden
presented by [Forberger2009]. They give a desoriptif how to interlink an assistance system [Ba0@®#?
for use in image interpretation of SAR images withe-learning application.

2. ONTOLOGY

The search space for the presented semantic itigegpanned using an ontology based on the ptenof

the Simple Knowledge Organization System (SKOS)¢bR005]. SKOS provides an elementary vocabulary
to describe basic structures of concept schemds. stitucture is easy to handle and if consequargbd
leads to interoperability between different systeiifee SKOS representation is then transformed todie
which allows specification of complex rules and@éint reasoning [Decker1998].

Basis for the search process is a domain ontolbgy describes the topic of the learning units.he t
example case of SAR image interpretation it is atology of airfields enriched with simple geomedtic
aspects. The domain ontology only consists of thee @ncepskos:Conceptall other items are instances of
this concept. The relations between instances efieedl by the SKOS-relatiortmoader, narrower (inverse
to broade) and related extended with the self-defined relatidmsPart to construct a partonomy.
Furthermore an identification label as well as swms and translations are introduced to offer atheo
search space and to provide internationalizatiome $econd part of the ontology model describes the
learning units. Each learning unit is an instantéhe concepDocument The main annotation relations are
hasPrimarySubjecthasSubjectTagand hasKeyword(integerhasPrimarySubjecis related to exactly one
concept of the domain ontology. The relatltasSubjectTagassigns further topics and may link to several
concepts — the number is not limited. But in peit is not reasonable to assign more than tes) tarause
a learning unit should be designed to explain tpéctprecisely and to focus on one topic only. Bhegs
should be items mentioned in the learning unit sufipy the main subject. Figure 1 sketches an elamp
ontology based on the described schema includingadoand content ontology.
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Figure 1: Example of the learning unit “The donestied cat” as instance of the content ontologyelihk
to concepts of the domain ontology

The relatiorhasKeyword(integeris not explicitly defined a priori, it is inferredlring the reasoning process.
The assigned integer value is the calculated bindiaight (Section 3.2) for any concept accessimeugh
relations starting from the learning unit by spiegdactivation. There may be further relations ned by a
didactic ontology (e.g. as in [Swertz2004]) desagbthe didactic dependencies to other units ad asl
properties like media type. These relations maysed for the visualization of search results bet raot
essential for retrieval.

3. SEMANTIC RETRIEVAL

The primary objective of the semantic retrievaltie current context of retrieving learning unitstds
intelligently find those learning units which mattiest the user’s needs. To find semantically releva
concepts the search process makes use of the giesslsemantic net structure and applies the tecknof
spreading activation.

3.1 Semantic Spreading Activation

The spreading activation mechanism originates gnitive psychology [Collins1975] to model spontango
associations when the brain recognizes a word aivates other concepts linked to that term. In
information retrieval spreading activation can bgpleed to expand the search space [Crestanil997,
Aswath2005].

The spreading activation process is applied to oetsvfor labeled nodes and weighted edges. When
activated, the weight, or “activation energy”, @fch activated node is propagated through the nktteor
their linked nodes. In our semantic net we use vahled weightswOO , where0<w<10. The weights
can be discounted by multiplication as the actoraspreads through the network rendering the neigpdp
nodes most important and the most distant onasedsvant.
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Figure 2: Two nodes in a network connected byimat with associated weight

In a recursive fashion the propagation of the igdiveights is computed for a node and the linked
noden,,; as

O(ni4q) =O(m;) OWr (n;, nq)]

O(n;;) denotes the outpuD: N - O of the linked noden;,; and O(n;) the output of the preceding
noden;. Let N be the set of all nodes in the network aRdthe set of all relations between the nodes. An
edge between two connected nodesn;,; ON,i 20 is defined as a relation: N x N — R. The function
w:R - O vyields the binding weight for a single relationd . The base case for the starting naggeis
defined a©(ny) =1. An illustration is given in Figure 2.

Various strategies have been proposed when totlséopropagation process [Rocha2004], e.g. stop when
a specific concept is hit (concept type constraintjvhen the output’s lower limit is hit (distancenstraint).
Latter is used in this work. The spreading stopsmthe node output drops below a given thresHold.e.

I <T.

Here, an ontology is used as the semantic netWdr&.concepts are the nodes of the network wheheas t
properties or relations are the edges. Semantgadprg activation takes into account the meaninthef
relations. Thus, in combination with a reasoneg, wleights are semantically supplemented by meatiseof
logical correlation. Inference in the ontology cgield to new relations between the nodes and thexef
enhancing the search space drastically. As an drasep Figure 3 where in addition to the explici#igted
relations (the solid lines) a new relation betwééh and G has been inferred (the dashed line) using an
ontology reasoner.

3.2 Retrieval

For each relation in the SKOS-based ontology wsigin¢ introduced which influence the rank of thenfb
documents in the retrieval result (Table 1). Thessghts were initially chosen due to the following
considerations: the primary subject is what thenlieg content is about and usually part of the doent’s
heading, thusasPrimarySubjeagets the highest binding weight. The subject {aglationhasSubjectTags
are equally directly associated to the unit andukhtherefore be considered more relevant thancdgr
concept reached by the spreading activation prodésace the relations between the domain ontology
concepts are weighed less than the content ontotgtions.

Regarding the domain ontology the relatitmeader andhasPartare the ones with the highest weight.
Both of them have a close correlation to the ortgitm. For a specific relevant concept it is oftetpful to
take the more general concept (relativnadel) into consideration, too, to get a more compleateraiew.
And, forhasPart if something as a whole is in focus, the parti ofay help to understand it better. Whereas
narrower - although similar tdhhasPartand inverse tdroader- may lead to a more specific term that is less
helpful to solve the learner’s actual problem. Example if the topic of interest is a cat it mayifteresting
that a cat has something to do with p&toéde) as well as the fact that a cat typically has foads, a tail
and long whiskershasParj. But one cannot automatically assume that thenéganeeds information exactly
about the Norwegian Forrest Catfrower). The relatiorrelated can be seen as in between. Relation is not
such a strong binding as a partonomy but may behmuare helpful than the more specific concept. The
initial weights were tested on an excerpt of aresy course and led to the expected results, tmtiia little
modifications were necessary. Table 1 shows theraxentally determined weights.



Table 1. Weights for retrieval

Relation r Origin Weight w
domain:hasPrimarySubject content ontology 1.0
domain:hasSubjectTags content ontology 0.9
domain:hasPart domain ontology 0.8
skos:broader domain ontology 0.8
skos:narrower domain ontology 0.7
skos:related domain ontology 0.75

The primary objective of the presented retrievabidind relevant learning units and to rank thsults
based on their relevance regarding the current iwgr&ituation. The algorithm calculates a bindingigit
for attached concepts for each learning unit dejognoh how the concepts are related to each otfiaguhe
weights defined in Table 1. According to the spiegdactivation principle the terms in the ontologse
activated and its activation energy is passed titrdhe network degenerating in accordance withwibights
of the relations. The result is a list of learnidgcuments (learning units) where the most semadiytica
relevant documents are ranked first.
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Figure 3: Learning Units are related to the doneaitology concepts. ForsCC, and G the binding
weights are calculated

Knowing the learning context it is even possibleise more than one search keywd@d={c,,...,C,,} IS
the set of concepts of the domain ontolo®%{s,,...,s,} is the set of all search keywords and a subset of
C (sOC).LU ={LUy,...,LU} are the learning units anB is the set of relations. The set of paths



Path%ujq ={R,...,R} are all possible connections from learning ubi; to conceptc; regarding the

associated relations. The binding weid (LU ;,S) of a learning unit is calculated as

B(LU;,9) =2 by, (8)
i=1

with 5 OS, and bLUJ, (5) is the factor of each conducted spreading actimategarding every search

keyword. The particular binding weights of eachrebaerm are summed up (not multiplied) to guarante
variety in search results. Multiplication would wéisin excluding learning units where one or moearsh
terms are not linked in any way to that learningt.uno prevent influence of concepts with small ding
values on the ranking only concepts with a bindialyie equal to or greater than 0.4 are considered:

ay (s), ay (s)=04
b (. = j j ]
LUJ(Si) { 0 olse
Thus a,,. (s;) expresses the binding weight of the search keywsréccording to the learning unit
hus ayy, (s) he bindi ight of th h keyveraccordi he learn _

LU;. It can be calculated evaluating the paﬂhathswﬁ using spreading activation (Section 3.1), i.e.

multiplying the individual relation weightsv(r) on the paths. If there are several different pfthin the
learning unitLU; to the search terns , the maximum value is used:

aLuj(S)z max [l_l W(")J
roP

POPaths is

Figure 3 gives an example for concepts related feaaning unit. Assuming the search inquiry is
S$={C;,C,,C;} the result forLU, is B(LU,S) = 0.7+ 09+0.525=2.125.

Because of semantic retrieval the system is abléntb learning units that are relevant. The domain
ontology uses dependencies and relations to desthi# domain leading to more specific search result
compared to simple full-text search. Knowing therkirmg context it may be useful to additionally weithe
binding of search terms according to their releeafioc the search inquiry.

4. APPLICATION

The realization of the described retrieval prodesshown in a work in progress with focus on SARg®a
interpretation. SAR is an imaging technology basedreflections of microwave pulses emitted by the
sensor. SAR images can be taken even at night &intk under severe weather conditions, which is a
significant advantage over optical sensors. Howetlae to the complex imaging geometry and the very
different reflection properties of objects in thécrowave band, special training and substantiak&rpce
are required in order to be able to identify olgentthis kind of images.

4.1 Involved Systems

In order to improve the training of image intergrst an e-learning system has been customizegifotask
[Szentes2008]. To support the image interpreteinduthe interpretation process, assistance sysfems
image interpretation are developed. As reliabl®ttlgms for automated object recognition in aemahges
are hardly available, these systems are often t@satteractive approaches [Bauer2009].

Semantic retrieval enables the image interpretagigstem to provide the learner with context-adapted
learning material. Our implemented prototype initded an assistance system with an e-learning agdjuit.
It combines information provided by the assistasystem with existing learning materials.

The assistance system supports image interpretergetform a full analysis of a complex object
arrangement, for example it helps to decide whetheadar image shows a civilian or military airfiel
Singular objects (buildings, roads, etc.) are mérg the user in the image and the system makesfuse



probabilistic scene model to classify the functafnthe singular objects as well as the type of dkerall
facility. The classification results are preserttethe user as recommendations.

The e-learning application has been developed docation and information transfer in military image
interpretation. It provides courses and trainingteat as well as background information for SAR gema
interpretation.

Both systems go hand in hand in the education aonavledge transfer of image interpreters, and ligkin
these two systems is an obvious objective.

The data structures of the mentioned systems wsrd to populate the domain ontology. The instances
were amongst others collected from several exigfisiig sources, e.g. from the taxonomic data streicifi
the involved assistance system and from alreadstiegiontologies.

4.2 Intelligent Interlinking Using Semantic Retrieval

If the user, i.e. the image interpreter, is at sslavith his knowledge in a current interpretatiaski the
system must provide this learner with context-agdmn-demand learning material. When a user neglgs h
for a specific concept the associated term andptbability distributions for all other linked tesrare
submitted by the assistance system to the e-lepapplication. The assistance system transfersdhiar
collected data: already found objects, missing abbd objects and of course the actual search oljjbete-
learning application performs a search on the alEl learning units which are annotated in the logio
(Figure 4). For each learning unit a binding weifgintthe received keywords can be calculated. Taiglts
of the relevant keywords are multiplied by a fagtlated to each keyword source: the actual sdarah is
rated as very important, whereas objects which héready been found get a low factor.

i
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Figure 4: The image interpreter works with the stasice system and asks for help. The assistaniessys
transfers the collected data to the learning systeere the context-aware search is performed

5. CONCLUSION AND OUTLOOK

The described retrieval method leads to contextravgupport for a learner in his work process. The
semantic search results fit better to his actuabtbn than e.g. a full-text search, because tigendying
ontology-based retrieval is aware of relationshi@ $earch domain and uses this knowledge in a ligryed
to the learning process as well as to the speddinain. The application is not limited to a specifomain -
once implemented it can be used in any context ddequate domain ontology exists. Moreover the SKO
approach allows in many cases interoperabilityth@odomains, direct reusability and feasible neiance.



As the prototype is still under development theirdef weights for relations and different kind of
keywords still have to be evaluated. We are culyembrking on an advanced scenario to compare fi&aih
search to semantic retrieval. Furthermore the enadii will be tested on complex data to gain more
information on the computability of the algorithmnsidering different reasoners. The challenge ideting
the domain ontology is not simply to copy the cohtef a learning unit but to provide an overallwien the
domain. Ideally the domain ontology already existfore learning material is developed. This may lieé
e-learning author to structure his work and alldws to match learning units with the domain ontglag
once.
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