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Abstract

This report explores the possible solutions for image aatiwt and retrieval by implicitly monitoring
user attention via eye-tracking. Features are extractad the gaze trajectory of users examining sets
of images to provide implicit information on the target tdatp that guides visual attention. Our Gaze
Inference System (GIS) is a fuzzy logic based framework #matlyses the gaze-movement features to
assign a user interest level (UIL) from O to 1 to every imagat thppeared on the screen. Because
some properties of the gaze features are unique for every age user adaptive framework builds a
new processing system for every new user to achieve higloeracy. The generated UILs can be used
for image annotation purposes however the output of outeryss not limited as it can be used also
for retrieval or other scenarios. The developed framewaddpces promising and reliable UlLs where
approximately 53% of target images in the users’ minds caddmtified by the machine with an error of
less than 20% and the top 10% of them with no error. We showisnpidiper that the existing information
in gaze patterns can be employed to improve the machineiejudnt of image content by assessment

of human interest and attention to the objects inside Vitumaironments.
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. INTRODUCTION

The history of eye-tracking goes back to the 19th centurynadoéentists tried to study the reading pro-
cess by direct observation [1], [2]. Along with the develaarhof eye-tracking equipment, experimental
studies in psychology and engineering have taken advaofape new form of implicit human feedback
opting for the day that every screen will have an affordaiidedded eye-tracker. Some approaches to
exploit this implicit feedback can be found in [3]-[8]. Inishpaper we discuss the use of eye-trackers
for image annotation in the field of multimedia and vision tassify images as a function of the target
template that guides user visual attention implicitly, pptly and accurately.

By increasing the size of the visual databases specificalljigtributed environments (such as social
networks like Facebook and image sharing websites likek&ijcthe necessity has risen to annotate and
organize images with an undemanding, inexpensive and aecarethod. There are three approaches for
image annotation [9], [10]: 1)Manual such as LabelMe [11dchArate but expensive, time consuming and
exhaustive. 2)Automatic: Prompt and cheap but accuracgireran important issue. 3)Semi-Automatic:
Performed by interaction between human and computer witlglaeh accuracy than automatic method
and cheaper approach than manual method (the method ptbjpodas article).

If the annotation is automatic [12], the machines conduetflocess by inspection of the low-level
features of the images [10], classification of them and aptition of the classification results. However,
regardless of how well the classification is performed, th@antic gap [13] remains a problem. At the
current state of the technology the human contribution &glocess of annotation seems unavoidable.
Consequently many researchers have started to invessigateautomatic algorithms. These methods are
formed of an extensive machine preprocessing followed bydrujudgement [10]. It is called implicit
image annotation when the feedback of the human factor igiggd unconsciously and without the
requirement of an explicit, direct response.

Unlike other semi-automatic annotation methods, impliethniques do not need the users to spend
any effort and pay any attention to the process of the anpatdt is the responsibility of the machine
to monitor the user’s reactions and interactions when tlmyecacross visual data in their normal life
and annotate or classify them accordingly. Implicit imageaation by playing games [14],monitoring
the brain waves by Electroencephalography (EEG) [15] andyatg users’ eye movements [16] can
be mentioned as three approaches under this category widatuerently under research. Studying eye
movements has the direct benefit of an extensive psychalogicl psychophysical literature demonstrat-

ing that where a user looks reveals the target template thideg one’s attentional set [17]. That is, overt
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attention as indexed by eye movements reveals what one kintpdéor [18], and thus can be used as a
means of implicitly annotating images. Furthermore eyekiray is less intrusive than EEG, in that the
equipment does not have to be in contact with the user, thowiaf the user to behave more normally.

Most of the studies that are being conducted in the field ofigitimage evaluation by gaze movement
feedbacks are focused on image retrieval. Pasupa et als¢t] Ranking SVM to improve on line learning
of ranking images for retrieval with fused content baseduies of the images and the implicit gaze data.
In a further study Hardoon and Pasupa [5] found it “unreialiat no eye movement will be presented
a-priori for new images”. As a result they extend the appnolag using the images with gaze data as
training set and rank the images for retrieval only with imdgatures. Auer et al. [19] used the findings
of the previous two studies to develop the Pinview systen dldas the implicit gaze feedback to the
mouse clicks as relevance feedback and uses them for Caaertl Image retrieval. Klami et al. [20]
used Linear Discriminant Analysis for classification. Theput of their system is binary in that it only
shows whether a page of four images contains their targeteqir(sports) and if an image is a target
concept. Kozma et al. [6] introduced GaZIR which is a gazeebainterface for image browsing and
search. They used Logistic Regression classification idifgpar As it will be discussed in section VI-C
this algorithm is effective in recall performance howewusraccuracy did not exceed 90%. In addition
their framework is scenario dependent as 5 out of 17 usedri=atannot be used in other scenarios.

Humans use selective visual attention [21] in order to adtemvith their surroundings that comprise
of unlimited visual data. To study this phenomenon psyatists have formulated two mechanisms that
control visual attention: top down and bottom up. The fornsemarked by volitional shifts of attention
and the latter implies the automatic capture of attentidtj.[RBlere we primarily rely on volitional, top-
down shifts of attention as a method to classify images tteaattended due to a relation with the target
template provided to the users to guide attention in thik.tas

In this study we introduce a metamorphic real-time framdéwwamed Gaze Inference System (GIS)
that is capable of both image annotation and retrieval byhtp of the implicit feedback acquired from
eye-trackers. This framework benefits from 21 featuresaeied from the user’'s gaze movement. For
every new user that is introduced into the system there idilration phase that helps to construct a
specific processing unit for the user. We show with our molat the user adapted system has better
accuracy, which is more desirable for image annotation,paoed to a pool-trained (globally developed)
system. However the overall performance (F1 measure) &f gdtems is similar.

For development of the processing unit two algorithms (Tf8kzy inference system and a feed forward

back propagation neural network) are tested and theirteeated compared. As we will see in section V-C,
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the use of fuzzy logic increased the ability to interpret][28 developed system. In addition it reduced
the training period extensively. It also decreased the eagatjnal cost and cut down the required time
for a user calibration phase in order to provide trainingadats for the system (less than 2 minutes). On
the other hand using the pattern recognition neural netwesklted in a slightly improved performance
of the framework but costs it more training time and it is mooenputationally expensive.

After the fuzzy inference system is trained, it is able togss User Interest Level (UIL) score from
0 to 1 to every image that appears on the screen. We use thegeabd)ILs to annotate the images that
the system has no information about by having some key irdtion about the concept in their mind or
by looking at the cluster of the images with high values of UIL

Due to the nature of the used features (not scenario depgridehis framework and the form of its
output, which reveals the degree of interest rather thansjuswing if it exists or not, it can be used to
derive a UIL for every non-motional object that appears anghreen. These objects can be text boxes,
icons, screen areas, lists, etc. The UIL for these objeatslai@r be used in various other scenarios
besides image annotation. For example to provide relevieadback in retrieval process, to optimize

search results of a search engine for a user, and to imprevdesign of a web page.

II. EYE TRACKING

Eye tracking studies have shown that Fixations and Sacca@ethe most important eye movement
behaviours for the process of revealing user cognition[H]], A fixation happens when the eyes seize
on a single location and a saccade is the ballistic eye movebsatween any two fixations [5], [6], [16],
[20]. The main visual processing of stimuli takes place migifixations when the eyes focus on a single
location, centring the scene on the fovea for maximum figelitsampling the visual information present
for information processing and recognition in the brain [5]

In this study we employed a binocular set of 60Hz cameras Mvftia-Red filters and the faceLAB 5.0
software package as the eye-tracking technology. In thisiéwork first the captured video images by
cameras are stamped by their corresponding capture timsemdo the processing software. Next the
positions of both eyes are identified in every single image o glints which are the brightest spots
in the image are located in them. This glint is the reflectibam infra-red source by the eyes which is
positioned between the cameras. By comparing the posifidheoglints to the position of the pupils in
each video image the software can estimate the directiotovet the user’s gaze.

This system requires a user calibration phase which talsssti&an one minute. Also it offers an error

of less than 0.5 degrees that suggests approximately lassstinm diversion from the actual gaze point
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Fig. 1. Snapshot of the video images of the eye-tracker: Thigevglint in the eyes are the reflection of the Infra-Red seur

the green vectors show the gaze direction and the red vewotovssthe head direction of the user.

when the user is looking at the screen from a distance of 56amre 1 shows the identified glints and
pupils in both eyes along with the gaze vectors of each eye dteen vectors) and the head direction
vector (the red vector). After the identification of the gaersection point these data are available in

real-time either directly on the local machine or on the LA&works via TCP/IP protocol.

[1l. FRAMEWORK

The developed real-time framework is designed so flexibt tifferent experiments with various
scenarios can be plugged into it. The output of this fram&wsra User Interest Level (UIL) score
assigned to every image appeared on the screen and shovwmwhauch interest the user did show to
an image during the course of experiment. Based on the usttest, these UILs can be used to classify
or cluster the images depending on the requirements of theasio of the experiment. In the scenario
of this framework the sets of images appear on the screentameously in four rows and six columns,
where every set is referred to as 'page’ throughout this pape first 5 pages (called Training Pages)
of the experiment are used to adapt the UIL generator engirilket user. The scenario of this training
phase is the same as the scenario of the evaluation couts¢heitlifference that fully annotated images
are used in the training phase.

Figure 2 shows the block diagram of the developed framewkirkt depending on the scenario, images
appear on the screen. Then the user’'s gaze intersectiorthittrial screen is monitored and in case of
intersection with any of the images on the screen the carredipg gaze coordinates and gaze duration
are recorded and sent to the feature extraction unit. Inuthitstwo different feature vectors are extracted
which are called the Transition Feature Vector (TFV) andIthage Feature Vector (IFV). Next if the
feature vectors belong to the pages from the training pHasefive pages with fully annotated images)

they are sent to the model construction unit.
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Fig. 2. Block diagram of the developed framework.

For both of the feature vectors two independent procesgisigss are developed (both by fuzzy logic
based and neural networks based structures). As the exqdrienits the training phase and continues
with non-annotated images, the developed processingmgstart to interpret the user's gaze movement
feature vectors, and the processing system of each vect@gnasa UIL to the images based on the
information in that vector (T-UIL and I-UIL for TFV and IFV spectively). Finally for every image the

average of the T-UIL and I-UIL values is calculated as thelfmdput of the system.

A. User Interface

The introduced Graphical User Interface (GUI) in this papas experienced on a 32cm 20cm
screen with 1280« 800 pixels. A subset of 700 images from the Corel Contentbdesta was used as the
database. This subset was formed of seven key concepts oliskytiger, elephant, building, car and
vegetation with 100 images belonging to each category. Tigénal size of all of the images was 384
256 pixels in either landscape or portrait. In all of the st@s the images appeared slightly dark on the
screen and in case of gaze intersection they turned into loginal brightness. This was to make sure
that the users were paying attention to the image that theeyoaking at without distracting them. It also
helped them to stay focused on the appointed tasks and gebdeed during the experiments. This was
determined by pilot research with 10 users (3 women and 7 rged between 22-35 holding university

degrees) who also tried the static form of the displays. Tadathe saliency effect of the shape of the
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images on the user’s attention, the aspect ratio of all ofinieges were stretched from 3:2 or 2:3 into

1:1.

B. The Clarified User Directed (CUD) Scenario

The real-world case of this scenario is when a user has af&peancept, Target Concept (TC), in
mind and he/she is exploring a database of images to find the that contain similar concept to the
TC. This can take place when using a search engine or exgltraimages of an on-line photo gallery
like Flicker or Facebook. In these situations the users atiyntlick on a limited number of images to
enlarge them, read their corresponding comments, etc. iHavileere remain many images that appeared
on the screen which the user noticed but did not click on foious reasons resulting in no information
for the system. The aim of this scenario is to simulate suttlaons and classify these images into
two classes, either Favoured by the user or Not-Favouredéyser based on his/her eye movement
attention. We assumed that there is a strong likelihood weatan find most of the images similar to
the TC in the Favoured class.

In this scenario every time that the user clicks on a provitlest button or clicks on an image
while looking at it he/she is provided with the next page ofi@éges. Each image appears only once
during the experiment and it is chosen randomly from thelztegta. For performance measurement of the
framework the users were told to imagine that they are resiptnfor selecting an image for the cover
of a magazine from the images that appear on the screen.mfgei had to contain the same concept as
a randomly selected image that appeared at the beginningeoéxperiment in the start page. The key
concept of this image considered to be the TC in user’s mind.

After visiting the start page by clicking on the provided #t'ebutton at the bottom right side of the
Graphical User Interface(GUI) the scenario starts. Thesusere instructed to find the most similar
images to the TC and click on it to proceed to the next pageudhsan image did not exist in the page,
they had to click on the 'Next’ button. To prevent the usenrfrclicking on the first similar image
that they face on each new page they were told that there isn Ipased system which considers how
they look at other similar images and scores them. Howeweusers were strongly reminded that the
main job is not to gain higher scores but to simulate an ima&gech scenario. The point based system
also helped to keep the users motivated throughout the iexgetr. Figure 3 shows a screen-shot of this

scenario and the start page with the 'garden of a house’ kageq as the TC.
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(a) Start Page (b) Scenario

Fig. 3. Framework Scenario Screen-shots: The image in Hre gage is regarded as the target concept in the user’s mind.

IV. FEATURE EXTRACTION UNIT (FEU)

The raw data of every page of the scenario are sent to the FEeUthé user finished exploring the
page and requested a new page. The inputs of this unit are ¥eaors of fixation coordinates, fixation
duration and ID and spatial properties of the images on theesc

Many researchers in the field of eye-tracking [20], [24]4[2@veloped their processing framework
with few numbers (3 to 6) of different features including tmember of fixations, duration of fixations
and its derivatives and saccades. Kozma et al. [6] used 1Urésahowever 5 of them are specific to their
scenario as they are calculated based on eye movementsimles that are formed of images. The most
comprehensive feature extraction in this field was repobgdintti Ajanki et al. [27] for the reading
process with 22 features, but most of them (14 features) ateapplicable in the image processing
domain. Pasupa et al. [7] and Hardoon and Pasupa [5] usedathe 83 features in two consecutive
approaches emphasizing mostly the spatial propertieseajdlze movements and their features calculated
based on within image fixations independent from the reshefimages on screen. All of these studies
focused on the gaze features for individual objects (textrage).

In this study we extracted two different feature vectors tftal 21 features) where one of them
contains the properties of eye-movements regardless afrtlerlying objects and the other one contains
information about the properties of gaze intersection with image. The outputs of the FEU are
represented in table | as two feature vectors (IFV and TFWstFthe Image Feature Vector (IFV)
contains the features 1-12 in the table. These features Bbemthe user paid attention to an individual
image. The length of feature variable of every feature is #V is equal to the number of images that
appeared on the screen. Second, the Transition Featurer\@mitains the features 13-21 in the table.
These features show the properties of transition of gaze fine image to another. Please refer to Table
| for definitions of the features used to classify user irgetevels. In the IFV, the features number 7

to 9 (adr, avr and mxr) which are derived from the features 3% t@d, av and mx) respectively are
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TABLE |
FEATURES NAMES, ABBREVIATION, DESCRIPTION AVERAGE POSITION IN RANKING (APR)AND ITS CORRESPONDING
STANDARD DEVIATION (STD).

Namem (Abreviation) Description APR STD
1-RevisitNo.(m) Number oftimes an image was visited in a page (Also known as regression)  9.75 2.60
2 - Skip No.(sn) Number oftimes that an image was skipped between fixations on two images  11.87 0.35
3 -Total Visit length(ad) Total time thata user spentto visitthe same image inmultiple visits 6.37 3.24
4 - Average (av) The average of the durations ofall visits (Total visit Length + Revisit No.) 6.62 2.26

5 - Maximum Length(mx) The maximum time that a user spent on the same image amongst all ofthe visits 4,75 3.19

6 - First Visit length(first) The length ofthe first time that a fixation occurs on image when a page appears 8.37 2.26

7,8,9 - Ranks of Visit Rank of the value of the features 3 to 6 that belong to an image compared 3.2, 2.1,2.4,
Duration(adr,avr,mxr)  to the same features of other images that appeared on the same page 4.87,3.8 2.16

10,11,12 - Visit Duration Proportion of the time values for an image in the features 3 to 6 to the total time 5.5, 3.7,3.0,
ratio (adp,avp,mxp) that the userspent for visiting a page(Sumofthe length ofall ofthe visits) 7.25,5.5 2.8

13 - Distance(tPrDist) No. of Pixels between two images that were visited consecutively by theuser  6.62 1.99
14 - Visit Length(tTime) Visit durationofthe image thatis visited attheend of the transition 1.37 0.74
15 - Enter Angle(tAngle) The entrance angle of gaze to an image with respect to the horizontal axis 6.37 2.38
16 - Pre-speed(prSpd) Distance from previous visited image divided by visit duration ofcurrent image 6.12 2.23

17 - Post-speed(poSpd) Distance from next visited image divided by visit time of current image 6.87 1.72
18 -Speed(pNpSpd) Distance of previous and next visited images over visit time of current image 5.62 1.68
19 - Visit Proportion(pOp) Visit time of the image at start over visit time ofthe image at end of transition 6.37 2.19
20 - Local Maximum(lmx) ~ This feature is 1 for the local maximums in ‘tTime’ vector and O for the rest  3.25 1.48
21 - Local Minimum(lmn)  This feature is 1 for the local minimum in ‘tTime’ vector and O for the rest 2.37 0.91

innovative features that are not used in the other studighisfield. Also in the TFV, 'Imn’, 'Imx’,

'tAngle’, 'prSpd’, ‘poSpd’ and pNpSpd are another six novehtures.

A. Feature Evaluation

To evaluate the effect of our features in the quality of thépaotof our framework we tested the
training data of every user by calculating the mutual infation between the samples of every feature
and their corresponding class variable. Where the clasablarshows the real state of an image with
regards to the TC (e.g. If the TC is tiger and the image costdiger as a concept, then its class
variable is 1 otherwise it is 0). This value reveals the telity of the stored data in the extracted feature
for classification.

Let F' be a discrete feature variable of one of the Feature Vectat€)abe the corresponding discrete
class variable of that FV. The mutual information betweemd & can be defined in terms of probability

density function as [28]:

; = 0)lo m 0]
I(R@—%%p(ﬂ Jog s o/ (1)
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Fig. 4. Mutual information values between features in IF\ &V and class variable for 8 users.

The calculated mutual information between every featun&iand TF vectors and their corresponding
class variable are shown in Figure 4. These graphs showdhailfof the users the 'skip number and
for most of the users the revisit numbers bear a very smalluamof information for the purpose of
classification. Also it is obvious that generally the featuin the IFV bear more information than the
features in the TFV. It can be noticed that for every user #ilaesfor the mutual information for most of
the features is different from the features for other uséhss indicates that a user adaptive framework
might perform better than a globally trained system. We eamin IFV that almost for all of the users
the three new features that show the ranking of differenégyqf visit time (adr, avr and mxr) are always
amongst the features with highest mutual information vaieilar outcome can be observed for the
'local maximum’ and ’local minimum’ features in the TFV. Ehshows using these new features can
improve the classification results.

For better assessment of the features, we arranged thedgatudecreasing order of their mutual
information grade with the class variable for every usehl@d demonstrates the average ranks of every
feature and the corresponding standard deviation whererloanks show higher mutual information
grade compared to the rest of the features for every user.

We can see that in the IF vector for most of the users the 'aay’, 'mx’, and 'avr’ are the four
features that generally appeared amongst the top five &satlihis shows that the stored information in

these derivatives of the original timing features are maegkofial to the classification than the original
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features. Also it confirms that we can achieve better resyitsomparing the user’s attention to different
images in a 'page’ than just studying the user’s attentiomrtandividual image. It is notable that the
first’, 'rn” and 'sn’ features are normally the features Wwithe least information in correlation with class
variable. This shows that generally the number of times dhager skips an image rather than looking at
it is not a very good criterion to decide whether the image T™a. The high standard deviation of the
'ad’ and 'adp’ in ranking place shows that the total amountimie that one user spends on an image is
significantly different from another; however we can sed thlaen this time is considered with respect
to the total time that the user paid attention to the rest efithages that appeared on the same page
(adr feature) we have more consistency in the results.

By looking at the TFV we can see that 'Imn’ is one of the top feas in ranking with very low
standard deviation. This is very interesting because itwvshihhat when users have looked at an image
for less amount of time than its previous and next observején, they have paid differential attention

to that image. A less strong but similar comment can be madéh&’Imx’ feature.

V. MODEL CONSTRUCTIONUNIT

This unit is responsible for constructing two fuzzy logicsbkd systems for the two feature vectors each
with a single output by using the training (input:outputjrpdrom the training pages of the experiment
where: 1) The 'input’ is formed of the extracted feature westfor every image and the corresponding
transition that they belong to. 2)The ’output’ is deternuirees +1 and -1 if the image belongs to TC+ or

TC- classes respectively and is known as the Class Var@¥le(

A. Developing Takagi-Sugeno-Kang Fuzzy Inference SysiSig-FIS)

The ability of fuzzy logic [29] “to deliver a satisfactory germance in the face of uncertainty and
imprecision” [30] has made it one of the favourite models ésign the systems that have to cope with
unpredictable input/output data sets. Unlike the classiésp logic that an object is either a member or
not a member of a set, in fuzzy logic a membership degree igrastto the object that defines its level
of membership to a set. The systems that use fuzzy logic balgedithms are called Fuzzy Inference
Systems (FIS).

The behaviour of a FIS is governed by its If-Then rules. Faareple one of the rules for the fan
speed of a freezer can be:

- If temperature is high and stored food amount is large tlaenspeed is very high.
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These descriptive rules can be divided into two parts [2DJprémise and 2) consequent. The former
part is formed of lingual variables as inputs (temperatgtered food amount), the input sets (high
temperature, large amount) and descriptive T-norm opexdtand’ operator) that are applied on these
inputs. Depending on the type of the FIS the consequent pattteorules can be either lingual like
the sample rule above (high speed) or a mathematical funcdid=IS can understand the membership
degree of the descriptive variables of a rule to an input gethk help of the Membership Functions
(MF) which are previously defined for the system. The finapotitof the FIS is the aggregation result
of all of the consequent parts. It should be noted that theegggion method varies according to the
type of the system.

TSK-FIS is the most commonly used FIS for system modellirigd.[$his type of FIS uses the lingual
form and mathematical functions for the premise and cormatgparts of the fuzzy rules of a fuzzy
system respectively [32]. This structure of TSK-FIS makdaterpretable both for human and machine
and adopts flexibility to the developed systems.

We used the first order TSK-FIS for our framework as with digantly less complexity compared to
higher orders [33] it still can be trained. It is called fimstder because first-order polynomials form the
output of each rule as the consequent. A generic form of ttrerkde of a first-order TSK-FIS with M
inputs and one output can be denoted as follow:

Ry: If 21 is Ay 1 andxg is Ay o and ...andsyy is Ay ar thenzy, = by 121 +by oz2+...4bp (T ar+bp pr41
Wherexz,,, Aj » andz;, are the m-th input, m-th input set and the output of the k-th raspectively.
Also by, 1toby, a1 are the coefficients that define the linear relationship betwthe output membership

function of the k-th rule to the corresponding inputs of tlystem.

Normally in order to develop a FIS, human experts with thevkdedge about inputs and outputs of
the system are required who are able to design and evaliatdfls and the necessary variables for the
system. To reduce the role of human factors in the developpreness of the FISes some algorithms are
introduced which automatize the process of identifying @ structure by fuzzy clustering , generating
rules for each cluster and developing corresponding MFs.

Fuzzy clustering is a form of clustering in which every elembelongs to all clusters with a mem-
bership degree in [0 1] interval. The popular methods fozyuaustering are: 1) Fuzzy C-means [34]:
In this method the number of clusters and initial clustert@nshould be defined explicitly then the
algorithm tries to find the cluster centre iteratively. Thésults in the clustering quality to be highly
dependable on the manually defined initial values. 2) Mdaontlustering [35]: This method can find

the number of clusters and their corresponding centresrbttiis method by increasing the dimension
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of the input vector the computation cost grows exponegtialB) Subtractive clustering [31], [32]: This
method is an enhanced form of the second method with therelifée that “the computation is simply
proportional to the number of data points”. [36].

To generate the MFs for the input sets and find the number e$ ffok our TSK-FIS we used subtractive
clustering. This is because subtractive clustering do¢si@pend on the initial conditions. This property
makes it consistent in the outputs. Also it is not an exhaegirocess like Mountain clustering. All of

these reasons make it suitable for real-time systems.

B. GIS’s TSK-FIS Structure Identification by Subtractivesi#ring

Every discovered cluster centre by subtractive cluste(®@) is an example of a characteristic be-
haviour of the system [36] which results in a new rule for thébe constructed TSK-FIS.

Because we have developed two TSK-FISes there are two salatafpairs with IFV and TFV as
inputs. Their corresponding Class Variable (CV) is 1 if thmtong to a TC+ image or a gaze transition
that involves a TC+ image respectively and it is 0 otherwise.

Let X = {z1,z9,...,2y} be N data pairs that are used for constructing GIS's TSK-E&h data

pair (x,) is formed of an input vector and a scalar output where:

Tn = [50n|1FV/TFv : Tnlov]

In our case for data pairs with IFV as input:

N =5 x No. of Images on Each Page

For data pairs with TFV as input:

N= Total No. of times that the user moved from one image toteraduring the first five pages.

Also let X* be the set of C discovered cluster centres with their coordipg radius of the effective
neighbourhoods(,) identified by SC method which are found in X. A TSK-FIS can lbastructed with
C rules that [36]:

We = e*OlHCE‘IFV/TFV*x:” (2)

Wherew, is the firing strength of the c-th rule and= Ti Based on the introduced generic form of

the rule Ry, earlier, the output of each rule of the TSK-FIS can be shown as

ze = Belalpvyrry 1 1T = BcfﬁFV/TFV (3)
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Where B, = [by - - - bpr+1] shows the coefficient matrix of the output membership farctf the c-th

rule and the system is identified by finding these coefficieBysusing eq (2) and eq (3) and considering

_ We
We = —~——
C
Zc:l We
the final output of the TSK-FIS can be shown as follow:
T
Bj
z= [U_Jlf’IFV/TFV U_JC@’IFV/TFV}
T
Be
Now for N data pairs ofz|;py/rry @ z|cv] We can write:
Tiloy w1,1j1|IFV/TFV wl,Cil‘IFV/TFV B?
= : : : (4)
mN‘CV wN'le‘IFV/TFV o wN’ch‘IFV/TFV B

With a closer look it can be seen that eq (4) has the fornrBef AX which can be solved simply

by using the popular method of Least-Square Estimation, [[A8] for system identification.

C. The Developed GIS’'s TSK-FIS

Figure 5 shows the generated MFs for two users by using thealkd/TFV of the training pages. We
can see that in both feature vectors for some features theavtsgery different which is more apparent
in the MFs of 'average’ and ’first visit length’ of IFV and almball of the features of TFV. These
differences in membership functions suggest that for emery user who is introduced to the framework
their individual set of MFs should be generated which rasinttwo unique TSK-FISes for them.

With a closer look at the membership functions we can see roamlyem reach their maximum for
the input values close to 0. This observation is true for #leo users whose graphs are not included in
this report. Because most of these features are extraated Visit time, also as demonstrated in [16]
the users spend more time to visit TC+ images; this trend estgghat the discovered cluster centres
belong to the TC- images.

The reason that we face this form of MFs is that the populatibC- images in the scenario is
seven times the population of TC+ images. Obviously thid lstd to more data-points belonging to
TC- images which in turn results in at least one cluster eetttrbe placed at a data point belonging to

this group of images.
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MF Name

50

100
Input Value

(a) User A (b) User B

Fig. 5. Samples of Generated Membership Functions of IFV/Tdf two users:The input values for IFV and TFV are scaled
down from 0-250 and 0-1200 to 0-180 respectively.

VI. RESULTS

To evaluate our framework we used the TFV and IFT of the lasp&%es of each user’'s experiment
as the test data. For performance evaluation we considerreslystem to be a classifier which the closer
its output (UIL) for an image is to 1, the more likely that ineabelongs to the TC+ class. For each
system output we swiped a threshold from 0 to 1 with steps 05.0At every step of the threshold
the images with &J/IL > Threshold considered to belong to the TC+ class and the images with a
UIL < Threshold considered to belong to the TC- class. Finally we comparectthssified outputs to

the actual classes of the images and measured the precaistafl, and F1 measure for every threshold.

A. Effect of Adjustable Variables

Figure 6 shows the average recall, precision and F1 measaphg of the TSK-FIS output as a
classifier for all of the users due to the range of the effectieighbourhood of the SG) values
increased from 0 to 1.51 where the structure of TSK-FIS isqmed for all of the users and threshold
values from 0 to 1 both with steps of 0.05.

By looking at the recall graph, Figure 6(a), we can see foofithe threshold values the recall is not
sensitive tor, except for the very small values of which resulted in very high values of recalls. On
the other hand we can see that for the same smalklues we have very small values of precision for
all thresholds; however by increasing the effective neighthood,r,,, the general trend of the precision
is to increase with some fluctuations when- r, > 0.

With another look we can see that by increasing the thresyadice both the recall value and precision

value change steadily where the former decreases and teeifatreases. This shows that the framework
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Fig. 6. TSK-FIS performance due to different ranges of diffecneighbourhood.

assigns the UIL value to the images homogeneously that bly s@&p increase in threshold more TC-
images fall below the threshold than TC+.

Finally we can see in Figure 6(c) that except for the very swvallies ofr, the F1 score reaches its
maximum at some threshold between 0.2 and 0.4. This is becassstated earlier, the sensitivity of
the recall is very low to changes in, and although the values of F1 score increase by increas@ng th
range of effective neighbourhood but the shape of the cualresst stay the same, consequently it can
be concluded that by increasing thg the accuracy of the classifier increases.

It should be noted that although the graphs in figure 6 arehHerawverage of all of the users but the

stated properties are applicable for every single user.

B. Framework Performance

Figure 8 shows the performance of our framework for the @térnoutputs. In this figure the average
and standard deviation of the Precision, Recall and F1 sifdiree User Adaptive TSK (UA-TSK) system
for all users are shown where the UA-TSK is trained indepatigdor every user with the first 5 pages

of their experiment. These curves are drawn from the valfidsllcs in the interval of [0 1] versus the

January 28, 2012 DRAFT

Copyright (c) 2011 IEEE. Personal use is permitted. For any other purposes, permission must be obtained from the IEEE by emailing pubs-permissions@ieee



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication.

17

200 1
» 0.8
S 150
3
2 0.6
S 100
3 0.4
£
=)
z %0 0.2

0

0 0.2 0.4 0.6 0.8
Threshold

Fig. 7. NN precision due to different number of the hiddenrnas.

Thresholds from 0 to 1 with steps of 0.05.

As can be seen in the graph, there are no error bars on preeisi F1 Score curves for thresholds
larger than 0.8. With a closer look we can see inside the samgerthere are very small error bars for
the recall curve. This shows that for all of the users at a Wileshold equal to 0.8 the system reaches
to the point that all of the images that are classified as T@+Taue Positive form approximately 10%
of the population of that class. This means if the system inggto be used for image annotation then
the images with very high UIL values are annotated 100% ctiyteDue to the maximum precision it is
pointless to set the threshold at a value larger than 0.8 disalts in reduction in the number of correctly
classified images. The drop that we can see in precision ah@e8hold is because of the TC- images
that the users showed very high interest in them which coeleither because of the saliency of the
image compared to its neighbour or the personal intereshefuser to the image content. As can be
seen the UA-TSK system is eventually capable of distingagithese image from the TC+ image.

The other noticeable point is for small and large values efttireshold the error bars are very small
but in the middle of the curve these bars grow larger. Thissshihat for medium values of threshold
the output of the framework is extremely user dependent; édewthe error bars are not large enough to
conclude that in that area the framework shows a random mira®n the other hand we can see that
both Precision and Recall are almost monotonically inéngaand decreasing respectively. The curves
had the same behaviour for the output of the system due ty @wéividual. This observation supports
the idea that these outputs are not generated randomly afacteasing the threshold, more TC- are
classified correctly as TC- than TC+ images incorrectly as. TC

We can see that by increasing the threshold from 0 the F1 Snoxe increases until it reaches its
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Fig. 8. Framework Performance: Precision(Pr),Recall@ua) F1 measure(F1) for User Adaptive TSK and Logistic Reipas
(LR) models.

maximum at some point (10.6) very close to the intersection point of Precision anddRecurves.
The F1 score curve stays at its maximum for the thresholdsdwsst 0.25 and 0.35 with the intersection
point around the middle. This behaviour was observed foindividual users. Knowing that the results
of a classifier with F1 score larger than 0.5 are acceptable wivery high confidence we can set
the threshold at the intersecting point of the precision @@l curves which are calculated based on
checking input-output pairs after the TSK-FIS is formedeTdutput of this classifier can be used for
crisp tagging the not-annotated images that will be presetd the user. We can later use the annotated
images for image retrieval were the image set that is evaduay some user can be retrieved for other
users by decreasing the threshold step by step from maxinstemtiGg with a 100% precision) and
increasing the recall at each step up to this intersectiontp®n the other hand in a different image
retrieval scenario the framework also can be used to prothecdlILs that show the relevance-feedback
from the users for the images.

It should be mentioned that the recall value starts appratéim from 0.9 rather than 1. This is
because there are some TC+ images that the user did not papdrof attention to during the course of
experiment. Various reasons are involved, such as the uissedhthe image or some eye-tracking error
occurred. Consequently the images that were observedsitdeaee were scored by the framework only.

To examine the benefit of the additional computational costtriaining the UA-TSK for every user
individually, we compared its output with a pool-trained Kr'System. This system is trained with the
leave-one-out pooled training data of all of the users wiltleeetraining data of the examined user was

not included. In figure 9 we can see the difference betweefoqpeance of the two systems due to
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Fig. 9. Performance difference of the user adaptive and fragled models for different number of training pages: Basi

and negative values indicate better performance of usqitimdaand pool-trained models respectively.

different number of training pages, where positive valuesasthe better performance of the UA-TSK
and negative values show the better performance of thetpmiokd TSK. These values are calculated by
finding the area between the Precision, Recall and F1 measwes of the two systems. It can be seen
at the set number of training pages (5 pages) both systenessitailar overall performance (F1 measure)
and the UA-TSK has a better precision. By increasing thaitmgipages the F1 measures of both systems
stay close where UA-TSK has a slightly better F1 measure.d¥ewby looking at the precision curve
we can see the UA-TSK performs better significantly althopghs the cost with the recall value. The
general trend of the Precision curve is increasing up to difitrg pages and decreasing afterwards. The
reason for this behaviour can be that by increasing the nuwifeaining pages the system over fits the

data.

C. Comparison of TSK-FIS to other models

To have a fair evaluation of the performance of our classifierreplaced it with a supervised feed
forward back propagation neural network [37] and we usedréiterded data of the same experiments
for it. Surprisingly although the outputs of both inferersystems were not similar, both of the structures
showed very close performance in terms of quality of thesil@sition. The main difference was instead
found to be in terms of remarkably reduced training time amwgutational cost for the fuzzy inference.
This type of neural network is one of the most popular typesla$sifiers for pattern recognition and
prediction [38]. However due to the computational complexind cost of their training phase it makes

them unsuitable to be used in a Real-Time environment like. @fhere in our experiment in MATLAB
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on average it took approximately 180.10 seconds for theah@etwork to be trained for each user versus
the training time for the TSK-FIS with 0.7 seconds.

Figure 7 shows the precision of these networks for incrgasiumber of neurons from 10 to 200 in
steps of 10. We can see the precision is extremely sengititteetnumber of neurons also it has a lot of
fluctuations that suggests randomness in the results. Tha precision at the best system performance
does not go above 0.8. As a result for our data we can conchatapared to fuzzy logic systems,
neural networks are not a good candidate because of thegnextsensitivity to the number of neurons.
It is common that to choose the number of neurons that shosveist output. The problem with that
requirement in this case is that every time a new user isdotted a new system should be trained
and for every new user we need to discover the best numberusbmg This would make our system
computationally complex, costly and very slow in the réalet experiment.

One advantage of fuzzy logic over LDA and SVM models is itspotias a membership degree versus
the crisp output of the other two. In other words if the LDA @8dM were used in this framework the
only information one would have about a user’s interest irinaage would be limited to whether such
an interest existed. After we tested our data with LDA therage precision, recall and F1 for all users
where 0.75, 0.56, 0.63 respectively. By looking at Figure 8 aan see at the precision=0.75 we have
almost the same output.

In another attempt we evaluated our data with the Logistigr&ssion (LR) Model which the corre-
sponding results are shown in Figure 8. We can see that withdata the precision of this model is
always under 70%. After we doubled the number of trainingegaipr the LR model to 10 pages, we
observed that although the precision curve elevated bugviemexceeded 90%. We can see that for our
data the sensitivity of this model to the thresholds lardgeemt0.2 is very low and it almost produces
similar outputs by changing the threshold and at its bestigicn the overall performance (F1) is worse
than the TSK where for the UA-TSK model by setting the thrésham 0.35 we get over 55% recall

with 70% precision versus the 45% of recall with the sameipiat at the threshold of 0.95 for LR.

VIlI. CONCLUSION

A real-time user adaptive framework is introduced which apable of measuring the interest of the
users to images that appear on the screen by tracking thesir @&pis framework assigns a User Interest
Level score to every observed image that can be used for imagetation. In this framework a TSK-
Fuzzy Inference System was developed to process the gaaeTdas algorithm was able to be trained

for every user and produce results with high accuracy at aepable rate. The chosen gaze features
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and the form of output of the framework make it flexible whegesome trivial changes it can be used

for retrieval purpose and measurement of the user’s irttéwesther forms of visual objects on screen.
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