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Abstract

To date, research in image retrieval has focusedhenunderlying retrieval algorithms,
while little research has been focused on the namgcts pertaining to user expectations,
user actions and user experiences. It is here lptstiuthat ultimately, it is the user who
decides the quality of an image retrieval systersedaon a match between his/her
expectations and system performance. This papsepte a study of user expectations and
experiences from query formulation in image retmlewhe study used an image retrieval
prototype that supports text-based and contentsbaswge retrieval, as well as a
combination of the two. Results indicate that useesable to make use of a range of image
retrieval tools, that content-based query formatatis not well understood, and that the
different approaches to image retrieval may beulsefdifferent situations depending on if
the users know what they are looking for.

| ntroduction

The number of searchable images available are ndiei hundreds of millions and the
amount is constantly growing [1]. Important imag#lections made available on the
Internet include Museum collections, city/tourisfarmation, personal albums (e.g.,
Flickr, photobucket, piczo, Picasa web album anot@inet) and more general-purpose
image collections (e.g., Google Images and Yahoalges).

One of the most profound challenges in image naties the problem referred to as
the semantic gap [2]. The semantic gap represkatmismatch between the semantic
content visualized by user requests and the capebibf the image retrieval systems. It
is the belief of this author that two importantttas contribute to the semantic gap:

1. Users often cannot formulate their queries in a meanthat may be used

effectively by the system, and

2. Image retrieval systems commonly lack an understgnaf the user intentions

behind a query. The latter challenge has beenregfdo as amtention gap|3,
4]

As an example of these two challenges, considesttineture depicted in figure 1. This
sculpture is placed in a park in the city centeowidver, no information about the
artwork can be found on or around it.

Figure 1 - The Saeverud monument
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If having no information to work with in searchitige web for information about the
structure using a text-based query, possible seaaras could be: rusty artwork
Bergeri. However, these words will not return any imagéshe structure if using for
example Google images or Flickr

This sculpture is commonly referred to dhe Saeverud monumgnnh memory of
the famous Norwegian composer, but is formally réffienree Sculptures of four Arcs
of 233,5' each The artwork and information about the sculptamed the sculptor,
Bernar Venet, can be found on a site run by thedfiBerged. With this information,
the sculpture can be found both in Google imagesHiokr.

From the example above, it becomes clear thatdgdnages is relatively easy if you
know what you are looking foand if you are able to specify your information need
using text. However, if this is not the case, thearch engines relying on the use of text
gueries are not particularly useful.

The content of an image may be useful in its owhtras a query term in situations
where an information need cannot easily be formedlatsing text, but in order to get a
retrieval system to perform satisfactorily, theteys must be able to recognize and
understand the depicted content of an image. litiaddsystems must also be able to
deduce what kind of information may be of intetesthe person submitting a query.

Addressing user requirements

In terms of focus on functionality, it has beenomeon trend that new image retrieval
systems have been proposed as improvements oropsgviproposed techniques and
algorithms [5]. As such, much of the developmerthimithe field of image retrieval has
been what Jorgensen [6] refers to as system-driatrer than user-driven. A system-
driven approach tends to overlook some key aspects:

« Different users could be interested in differemiexds of the same images.
These differences could manifest themselves invtirels used to describe/query
for the items. It is thus valuable to have a diigrsf annotations and to
establish an effective mechanism to collect ancestese keywords for
subsequent use through user interaction, and

* Itis important to create functionality to be usegrocess the returned result set
through user interaction, hence facilitate supfmractive use of available
information to filter the results according to wserformation need in order to
find relevant images.

Related Work

Before discussing how the use of available inforomatand user interaction can be
combined with traditional approaches to image egai to help improve user interaction
with image collections, some of the work on whitistapproach is built is briefly
presented.

Image Retrieval

The two most common approaches to retrieving imaged ext Based Image Retrieval
(TBIR) and Content Based Image Retrieval (CBIR).IRBin which text annotations
and descriptions are used for image retrieval, agokin the mid 1980s [7]. CBIR, in
which the colors, textures and shapes of the searabe are compared with the same
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features of stored images, appeared in the mid’898DIn image retrieval from the
Internet, TBIR accounts for most image searches [9]

Two potential problems with text annotations arattthey may provide only a
limited coverage of the possible semantic integirehs of the image content, and that
they are commonly biased because of human peroeptio subjectivity [10, 11]. This
is not to say that it is not being worked on salng. Amongst the efforts to tackle this
challenge are so-called image-tagging games [2,913] and folksonomies [e.g. 14].
See [15] for an overview.

Also, a prerequisite for good TBIR is that userg able to formulate their
information need using text. However, in many ditues, this may be a quite
challenging task due to the limited expressiveés®yword-based query formulations
[16]. In fact, in order to achieve a satisfactoegult, textual queries may need a large
number of modifications even by professional u$&r§. This may be symptomatic of
users’ lack of understanding of query formulatiowl guery strategies [18].

Much research effort has also been put into CBIRnduthe last two decades [1,
11, 19]. The CBIR approach may be convenient uasibns where textual descriptions
are hard or impossible to create, but CBIR lackspsut for image retrieval based on
high-level semantic concepts. To date, not mudémésvn about the actual use searchers
make of content- based functionalities in imagecess [18].

Combining TBIR and CBIR

TBIR may return images reflecting the semantic rimfation need but that do not
necessarily resemble the desired outcome visibtyth@ other hand, if using a CBIR
approach alone, the user may get images that swally similar to an image used as a
query but that have little semantic similarity [20]

Research results from the field of image retriendicate that a combination of text
and image contents may be a viable approach tcowephe quality of image result sets
[20-25]. This line of thought is also apparent 26, 27], who propose creating image
descriptions by combining low-level image featuremd high-level semantic
information. It has also been found that even thoG&IR methods may have limited
utility on their own, having multiple access straés to visual content is beneficial
[28].

It has been demonstrated that people are ablenwfate visual image queries that
combine visual and textual conditions [18], bufelénces in the willingness of experts
and novices to engage in visual searches havébalofound [29]. McDonald and Tait
[30] found that users that used visual similariparches were mostly employed in
visually cued tasks, while textual similarity wased in abstract tasks. From this, it
seems as if text and image content cover diffeaspects of an information need.

Context

In applications where the management and retrieivahages are based on using low-
level features, the value of context has been r@sed for a long time. For example, in
Computer Vision, context played a central parmiage management and understanding
already in the early 1990’s [31].

Numerous definitions of the concept of context@iseussed in Dey et al. [32], who
find them to be too specific. They th@mopose an extension that has been used
extensively. This definition states that contexais/ information that can be used to
characterize the situation of an entitylere, an entity may be a person, a place, or an
object that is considered relevant to the inteoacbetween a user and an application,
including the user and applications themselves.[32]



A different definition of context is presented ingésem and Nordbotten [33].
Although the authors generally agree with the dédns given in Dey et al., their
approach differs in an important way. Elgesem amddNotten attempt to move the
focus away from being solely on characterizing aitins of entities important to the
interaction between users and applications. Instémdauthors focus on the users and
applications themselves, and especially on whatriné&tion must be available to both
in order forcommunicatiorbetween them to succeed [33].

These two lines of thought are shared here, andhé following, context
information is defined as:

the information available to user and system tha telp to identify images of
interest to the user, and that can be communicatezk and forth to help satisfy the
user’s information need.

Examples of the kinds of context that are availdbléhe system and can be useful
include: the geographic location of the source ienfpe for example 34], the season
and time of day and annotations of stored imagatsaite deemed relevant by the user to
his/her information need.

Context-focused interaction is a form of man-maehimteraction in which users
make use of context information both as query teams as a tool for filtering results.
Some of this information is made available to tleruby the system as a response to
actions performed by the user.

Focuson the User in Image Retrieval

A number of researchers have noted that user-ehtraluation techniques in image
and information retrieval may be advantageous [8b-Braper [35] suggested that one
advantage associated with taking a user-centerptbagh to system evaluation was
that users could be observed as they used a syss&zad of having researchers relying
on their own expectations on how users would ugeen system.

In the field of image retrieval, the user has remteived a lot of attention [39]. User
interaction is commonly limited to submitting quesriand giving feedback if the system
has relevance feedback functionality. Howeverag heen found that in image retrieval
in general, and CBIR in particular, interactiormisomplex interplay between the user,
the images, and their semantic interpretations. [40]

Observational studies indicate that most searamaigng use of text-based search
engines on the Internet rarely take advantage efaVailable interactive relevance
feedback opportunity [41, 42]. If this is correittposes somewhat of a paradox as the
relevance feedback process has been thought @iag very useful in providing users
with more relevant results. Research by Cruciaral.¢43] and Lew et al. [39] indicate
that a reluctance to make use of relevance feedioackionality also applies to search
engines developed for CBIR.

User interaction in imageretrieval

It is the belief of this author that the problenssaciated with the less than optimal
performance of image retrieval systems are a compilx of human and technical

factors. From this, it is also believed that imaggeieval algorithms should be combined
with other kinds of tools in order to improve useteraction with image collections.

Active use of context information combined with d@rdction and communication

between a system and its users are tools that slpyrhprove the situation.

The user study presented here was carried outder do gather information that
may be important when designing a user-centeredj@nratrieval system supporting



context focused interaction. The first objectiveswa determine how well an existing
image retrieval system that supports combined TBB¥R performed with regard to
result set precision. The second objective wasuestigate how users experienced such
a system. In order to assess the performance andiyed usability of TBIR/CBIR, the
study also included tasks using only TBIR or CBIR.

Experiment design

Choice of Retrieval system

The image retrieval system (IRS) needed for thislystrequired support for multiple
query forms. As the main purpose of the experinnext to record user expectations and
experiences from query formulation and also to lide ato monitor the IRS’
performance, the VISI (VORTEX Image Search Intezjasystem, developed by the
CAIM project' was chosen for the experiment.

The version of the VISI system used in this studysists of an Adobe ColdFusion
application running on top of an Oracle 10g datalmstem. VISI supports TBIR in a
traditional manner in that users submit their deasrms using text in the form of
keywords. Support for CBIR in VISI is in the fornh query by example (QBE). Users
performed CBIR searches by uploading example imagdse used by the retrieval
engine. Combined TBIR/CBIR in VISI is based on #ipproach presented in [25] and is
performed as two separate queries. The two sepasué sets (from TBIR and CBIR
respectively) are ranked according to their respecelevance scores. A new combined
similarity score is calculated from the resultsireed from each query, and images are
re-ranked according to this score and then predeatthe user.

Participants, Tasks and Questionnaire

Fifteen student volunteers participated in the wtigkven females and eight males.
Their ages ranged between 20 and 30 years, avgragid. All participants used all the
three approaches to image retrieval described alithee participants in the study were
all students from the city of Bergen, and the migjasf them were bachelor students
from the department of information science and mextudies in the University of
Bergen.

Prior to the actual experiment, each participans @i&en a general description of
image retrieval, covering both TBIR and CBIR, adlvae a general description of the
test system.

The three experimental tasks used in the study:were

» Use of text to search for a specific object whaa@e presumably was not
known to all of the students participating in thedy

* Use of CBIR to search for one specific object dutvm in an example
image, and

* Use of TBIR to support the CBIR from the secondt tas

Since the tasks have increasing complexity, theygweven in the above order.

One purpose of these tasks was to make participhimis about the degree they felt
that the functionality implemented in the test egstsupported them in solving specific

3 http://bulmeurt.uib.no:8500/caim/VISI2/
4 CAIM is a collaboration project between the Unaities of Bergen, Tromsg and Trondheim, and
Telenor R&lhttp://caim.uib.no/index.shtml




tasks where it was hard to express their informatieed. The tasks were presented to
the participants in a target specific form in ttieg participants were given instructions
on what the target images from each search shoaldlike. This was done in an effort
to help create a concrete information need for d@ask in order to hopefully avoid
some of the problems commonly associated with queged approaches. These
problems are especially related to the query foathuh in situations where users only
have a vague idea of what they are looking for.[44]

The image collection used in this study consistéd dest collection currently
containing about 500 images displaying variousdags and structures in the city of
Bergen. Other materials used in the experiment werdesktop computer and a
questionnaire.

The guestionnaire used to collect user responsetedtwith general questions
about the participants’ previous experience wittage retrieval. Prior to each image
retrieval task, the participants were asked to tatevhat extent they believed TBIR,
CBIR and TBIR/CBIR respectively could aid in findimelevant images for the task at
hand. They were also asked to rate how difficuttyttanticipated it would be to
formulate a query to solve the task at hand. Adtenpleting each task, each participant
was asked to rate to what extent the results ne@téipectations. The participants were
also asked to rate how hard they felt it was tapéheir information needs using text,
image content, and a combination of the two respagt The participants gave their
responses using a 10-point scale.

During the experiment, the participants were enaged to talk out aloud and ask
any questions they might have during the experiméné questionnaire also allowed
for the participants to write down their commentsl/ar questions as they completed
the different tasks.

Results

Previous Experience with Image Retrieval

All but one of the participants reported havingdu3&IR more than fifteen times prior

to participating in the study. The last participdmd never used search engine
technology to retrieve images. Eleven of the pgaicts claimed to have previous
knowledge about CBIR, but only two of the particitmhad previously used a search
engine developed for CBIR (one had tried an eavi@sion of the test system, while
another participant had used the TinEgearch engine).

User expectations and experiences using TBIR

In the first task, the participants used TBIR tadfimore images of an image presented
to them. The image used in the first task was thev&rud monument as depicted
above. Only two out of the fifteen participants ke name of the monument. Of the
remaining thirteen, one participant guessed theablp be a monument, but did not
know the name of the object. The rest of the sttgddid not have any idea of what the
name of the object was. User expectations and xmes with TBIR are shown in
table 1.

® http://tineye.com/



Anticipated
difficulties Experienced
TBIR with TBIR Met TBIR difficulties with
expectations queries expectations | TBIR queries
Mean value of_ responses 6.1 48 4.4 5.2
on a 10-point scale
Std. Deviation 1,19 1,97 3,54 3,10

Table 1 - User expectations and experiences wittRTB

The average Precision value for all participants @@ % for the first ten images in the
result set. However, only three participants werke @o retrieve relevant images (10
each).

One interesting result from this task is that whes participants who did not know
the name of the object they were looking for, tivestead specified their information
need referring to what they perceived the objecbdoe.g. sculpture (4), statue (4),
Art/Work of art (3), Circle (1) or monument (1). Wever, as indicated by the responses
on expectations, it seems that the participantshsiil high expectations that the system
would retrieve images of the monument.

The results indicate that the participants expethedsystem to retrieve images of
the monument even if the query terms were vague.

User expectations and experiences using CBIR

In the second task, the participants were askedutomit two queries with images
selected from a set of example images. The paatitgocould choose between the four
different example images displayed in figure 2,hedepicting at least two distinct
structures and/or objects in the city of Bergene Participants recorded their chosen
images and objects in the questionnaire, but tlaelyrto means of marking/selecting the
object they were looking for when submitting theage to the image retrieval system.

Figure 2 - Images used in the second and thircstasthe experiment

Thus, the participants used CBIR to try to find gesa depicting only one of the objects
depicted in each of the two selected example imagié®ut being able to indicate to

the system which of the objects they were actualigrested in. The main purpose of
the CBIR task was to investigate if the particigamntuitively would understand that it

would be very hard for the system to accommodage tequest, the reason being that
CBIR is based on retrieving similar images and timasild retrieve the images most
similar to the example image, i.e. containing botbjects. User expectations and
experiences from the CBIR task are shown in table 2



Anticipated
difficulties Met CBIR Met CBIR Experienced
CBIR with CBIR expectations | expectations | difficulties with
expectations gueries Imagel Image2 CBIR queries
Mean value of
responses on a 57 6,0 3,3 3,5 5,6
10-point scale
Std. Deviation 1,79 2,56 1,87 2,66 2,82

Table 2 - User expectations and experiences witiRCB

The results indicate that the participants wers temfident in the capabilities of CBIR
compared to TBIR. However, the results also in@i¢hat the participants’ expectations
with regard to how hard it would be to formulatguery using and image were only a
little higher than when using text.

The average Precision value for all participantshwiegard to finding images
depicting only the object chosen by the participsas 6 % and 7 % for query one and
two respectively. This fall in Precision was exgechs attempting to retrieve only one
object from an example image depicting several atbjés disadvantageous for the
CBIR approach. However, only two of the particiganbted this in their responses,
pointing out that: “I would crop the query imageinalude only the object | chose”, and
“it’'s hard with regards to explaining to the systermich part of the image I'm actually
interested in”. The responses from the rest optréicipants indicate that many of them
appeared to expect that the system would be alalettomagicallyinterpret their vague
guery formulation.

This tendency is visible in the mean values witljard to what degree participants
felt that the results provided by the test systeet their expectations. Hence, the
participants actually expected much more than tyses could deliver. Another
indication of unrealistic expectations to CBIR ftionality in general was that most of
the participants reported having little trouble nimating queries, even if the task
required finding only a subset of the example image

With regard to images used in the second taska# assumed that the participants
would choose image objects at random as this waartditially created information
need. However, ten of the fifteen participants altyureported a specific reason for
choosing the particular objects they chose. Thégps most interesting aspect here is
that nine out of the ten reasons converged arolires tcategories of reasons. The ten
participants reported that they chose the particbgects because:

* The objects caught their interest or were perceasegrominent in the image (4)

* Because of the objects’ specific colors and shéRes

* The objects were seen as “good”/charming, and knellvn (2)

* The objects were perceived as being the most ctumtlg for the system to find

(1)

User expectations and experiences using TBIR/CBIR

In the third task, the participants used the samages as they used in the second task.
However, in this task, the participants used boBIRT and CBIR to find images
depicting one of the objects depicted in the setbeixample image. User expectations
and experiences with TBIR/CBIR are shown in table 3



Anticipated
difficulties Met Met Experienced
with TBIR/CBIR TBIR/CBIR | difficulties with
TBIR/CBIR | TBIR/CBIR | expectations | expectations TBIR/CBIR
expectations queries Imagel Image?2 queries
Mean value of
responses on a 6,9 3,5 51 4,9 2,2
10-point scale
Std. Deviation 1,40 1,69 2,69 2,93 2,10

Table 3 - User expectations and experiences withRIEBIR

The results indicate that the participants wereenaanfident in combining TBIR with
CBIR compared to CBIR alone, but less confidenthis approach than TBIR alone.
However, the results also indicate that the padicis’ expected it to be easier to
formulate a query using TBIR combined with CBIR rihaach of the two other
approaches respectively.

The Precision value of number of images retrievemiating only the object chosen
by the participants when combining TBIR and CBIRsw® % for the first query and
30 % for the second query. Although still a lowuslthis is by far the highest degree
of precision recorded in the study.

Interestingly, participants were able to retriesgges depicting objects of which
they did not know the name. However, the tendenbgerved in the first task
(participants that did not know the name of theeobgpecified their information need
referring to what they perceived the object towa$ also apparent here.

The TBIR/CBIR approach to image retrieval also eebd the highest score with
regard to meeting user expectations. The partitspaiso reported that formulating
queries was less difficult using TBIR/CBIR compatedrI'BIR and CBIR respectively.
However, because of the way the experiment wasigett cannot be ruled out that
some of this result was the consequence of a legefiect.

Results from the third task of the experiment shthat out of the fifteen
participants, only one of them actively made usenfdrmation presented in the result
set in the second task as a query term in the thgkl This came as a surprise since the
interface of the test system displays an imageiaapbgether with each image in the
result set. When asked about this, most partitgpanswered that they focused mainly
on the images in the result set and hence overtbthieetext-based information.

Conclusionsfrom the Pilot Study

Overall, the results from this study indicate thatimage retrieval system that combine
TBIR with CBIR performs better than the same sy&emBIR or CBIR algorithms
respectively in terms of Precision. In additiorspenses from the participants indicate
that the combination approach may be particulasifui in situations where a user has
difficulties with formulating a text-based querygedoes not know the name of the
object of interest. However, responses from thke wésere the participants searched for
images using CBIR also suggest that the way in hvthcs technology actually works is
indeed not well understood.

The responses given by participants on their egpeés from using the test system
suggest that users found the image retrieval teatyy to use. This is consistent with
results presented in [18]. However, in both oftdeks involving TBIR, the participants
formulated their queries using very general teriigs is a problematic aspect in that
retrieving specific images using general termsuigeqdifficult. For example, use of the



words “rounded sculpture metiBs search the criterion to find the Saeverud memim
in Google images generates about 800 000 imagée iresult set.

Results from this study indicate that what setsphsicipants challenges with image
retrieval apart from challenges associated witbrimiation retrieval in general is closely
related to problems associated with the creatiomadd representations of images.
These problems occur because neither a text-based minary representation can
represent a real world object in a satisfactorilgnmer [45]. As such, there is a real
difference between traditional information retriewdere the searches commonly are
directed at retrieving a given document from aesilbn based on the documents actual
text, and image retrieval, where the searches meeteld against retrieving a given
image based on an external representation ofxitu@é or binary). Also, since the query
terms (i.e. example image or keywords) used forgenaetrieval actually are
representations of an information need, the prooésstrieving images is even more
challenging than traditional information retrievebllowing from this is that in order to
narrow the semantic gap, the results from thisystodicate that there is a need to focus
research on narrowing the intention gap.

Further Resear ch

From the lessons learned in this study, the foousture work will be on studying the
ways in which CBIR may complement traditional TBARen users interact with image
collections. It is believed that a context-focusggbroach will be especially helpful in
improving user interaction with image collectionkem users are looking for specific
images depicting the content in a specific context.

Three important assumptions underlie the contestided approach:

» Utilizing TBIR and CBIR in combination will enablesers to specify their
information need in a simpler, yet more completenaa since they may use
both visual data and text.

« Combining two distinct communication channels véttive use of both query
and stored image context information will enabke ithage retrieval system to
provide more relevant result sets. And

e User interaction, with the possibility for givingeddback, will provide the
system with a better understanding of user intestio

It has been noted that users of image retrievaiesys should be presented with a
diverse result set [16]. This view is shared ii$ tork, and it is believed that presenting
users with a richer result set that includes bbthithages matching the query terms
given by the user, as well as associated contéxtnmration available in the system will
improve the user’s ability to locate relevant imaf@r his/her information need. Future
work will thus focus on investigating user expeictas and user experiences from using
a system that provides users with information toose from in the various phases of
the image retrieval process.

® These keywords were used by one participant is¢faech for images of the Saeverud monument
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