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This paper designs a reime perceptual compression sst (RTPCS) based on eye
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1 INTRODUCTION

In this paper we presentdesignof a RealTime Perceptual @mpressionSystem
(RTPCS) based on eyegazeposition analysis. The average y&-gazeposition
containment is proposed as a new evaluation metricafoRTPCS performance.
Additionally the proposed RTPCS is evaluateith respect to variouparameterizations
of the eyefixation detection

An eye fixationis atype ofeye movementhatbrings high acuity vision to the brain
Perceptual compression increases image quality aroumyefixationwhile reducing

the image quality in the vision periphery accordance witlan eye sensitivityfunction.



Perceptual compression allows decreasing theatstof the multimedia while preserving
the same perceptual qual[8; 4, 5, 6].

Eye fixation analysis is the most common evaluation metric used today for eye
tracking systemshut research literature still struggles with the exact methed @&
detecting eye fixationsDifferent eye fixationdetection methods can lead to different
RTPCS evaluation resultsAs a solution to thigproblem we propose areyegaze
positioncontainmenimetric Our resultsshow that suclmetricis more conservative and
robust tharaneye fixationmetric.

Additionally, the design ofthe RTPCS describedin this paper addresses the
challengesof a networking scenario. Feedback loop delay assutiaith multimedia
transmissionpresents the uncertainty about the location of futuregayes We have
designed a model which predicts future -ggeeposition trace through previouseye
movementnalysis thus compensating for the delay.

The paper is ganized in the following waySection 2 presesta brief overview of
related work human visual system descriptiand perceptual compressiarhallenges.
Section 3outlinesthe design ofour PRTCS. Section 4 describesxperimental setup
Section 5 reports resultscluding additional compression levels achieved the
proposedPRTCS.Section 6 presents a discussion on the sy&tBmitations. Section 7

has the conclusion.

2 BACKGROUND AND OBJECTIVES

2.1  Previous work

There have been quite aw studies that investigated various aspects of perceptual
compressionAn excellent ge-tracking methodologyook was written by Duchowski
[25]. Research inperceptual compression fieldas mainly focused on the study of
contrast sensitivity or spatiaédradation models arouadh eye fixationand its impact on
the perceived loss of quality by viewers [8, 10, 11, 12]. Geisler and Perry [13] presented
pyramid coding and used a pointing device to identify the point of focus by a subject.
Daly et. al. [14] pesented an H.263/MPEG adaptive video compression scheme using
face detection and visual eccentricity models. Bandwidth reduction of up to 50% was
reported. For exampléaly [15] utilized a live eydracker to determine the maximum
frequency and spatiakasitivity for HDTV displays witha fixed observer distance. Lee
and Pattichis [6] discussed how to optimally control therdi# for an MPE&/H.263

stream for foveated encoding. Stelmach and Tam [17] have profmogecteptually pre



encoc avideo based on the viewing pattefiosmed bya group of people. Babcock et.
al. [18] investigated various eye movement patterns and foveation placements during
different tasksmakingthe conclusion that those placements gravitate toward faces and
semant features ofinimage.

A few researcherbaveworked on saliency maps and saccade target estimation in
videos and 3D environments based orqgomputed image analysis [21, 22].

In our previous workwe havecreated a eyespeedbased scheme which loaket
the perceptual cmpression for a single viewer J[3&and multiple viewers [23]in a
situation wherethe proposedperceptual compression model did not have access to the
presentedvisual content Later we developed several perceptual compression models
which improve perceptual compression based ontial scene analysis and content
evaluation24].

The work presented in this paper uniquely stands out from the previous research in
terms of adesign of a practic® TPCS that addressssme of thenetworkng challenges
i.e.,, feedback loop delagnd urven eyegazeposition sample arrivaat an RTPCS In
this paperwe propose an eygazecontainment evaluation metric folne design ofan
RTPCS Our results show thatush a metric is more conservativéhan an eye fixation
based metricOur work buildson a single viewerapproach presented i8][ In this paper
we add to th@astwork by bringing the comparison between an egazeposition and an
eye fixationRTPCS evaluationincluding more subjectsa wider test range of input

parameters and a discusstbattakeson the limitations of the proposed system

2.2  Human visual system

There are three types aye movememst which are present when we look at
multimedia: fixation saccadeandsmooth pursuit.

() Fixations:-ieye movement which stabilizes the |
i nt er e &yedixatjor® &r¢ accompanied by drift, small involuntary saccades and
tremor . A humanod6s eye percei veysfixaidn&ehi ghest
fixations represent the areas of perceptual attention féges fixation duration usually
ranges from 100ns to 600ms with eye velocity not exceeding 108eds during a
fixation. Usually ninety percent of the total viewing time in humans is spengyia
fixations [29]

(i) Saccades: ir api d eye movements wused in repos

| ocation in the visual environmgtoi0bms[ 25] . S



which renders the visual system blind during a sacc@@® Baccade duration ranges
from 30ms to 120ms with eye véocities going above 308eds.

(iif) Smooth pursuits:- eye movements which develop when the eyes are tracking a
moving visual target. It consists dfiesetwo components: a slowly varying motion
component plus a saccadic component. This saccadic component occurs occasionally as a
correction mechanism foh¢ eyegazepositionwhen the currentyegazepositionis not
accurate with respect to the moving objeld]] The dowly varying motion component
keeps the retina stable over the moving objaetl high quality visual data is perceived
during this period

The abilty to perform perceptual
compression comes from the anatomici
properties of the human ey&he diameter of
the eyebs highest al
only to 2 degrees. The parafovea, the ne

highest acuity zone, extends to about 4 to

degees, and acuity drops off sharply beyon
[2] that point.

Anatomical properties of the eye cde

Figure 1. Visual sensitivity function.

represented by aisual sensitivity function
which allows us to perform perceptual compression of any multimedia in a form of image
degradation from aeye fixationpoint to the pheripheryin this paper we use a visual

sensitivity function proposed Wyaly andRibasCorbera [14]:

el endbase 0
S0V = L EeEa )

Here, S is the eye visual sensitivity as a function of the image position BECQis a

constant (in this model ECC=0.24), and(x,y) is the eccentricity in the visual angle.

Figure 1presents an example of S(x,y)

Lowest Resolution
Within a specificRTPCSimplementationan
eye sensitivity function has to be mapped to t

spatial and temporglarameters of the selectec

codec.

2.3 Feedback loop delay
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Control
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Previous research did not consider the impact of the feedback loop delay on
perceptual compressioReedback loop delay is the period of time between the instance
the eyegazepositionis detected by an eyteacker and the moment when a perceptually
compressed image is displayed. Figumré&sentshefeedback loomlelayconcept

In the design of @RTPCSthe celay compensatiois important because futueye
fixations should fall witin the highest quality  Figure 2. Feedbackoop delayduring
region of the imagepreventingthe viewer perceptual compression.
from noticing the compression artifacts

It is noteworthy that the properties tbie multimedia transmission might change over
time, thus increasingr decreasing theelay length. A typidanetwork delay range is
from 20ms to a few seconds. Saccades can move the eye position more than 10 degrees
during that time while potentiallplacing a neweye fixationto the low visual quality

region.

2.4 Objectives

Our first objectve was to design ra RTPCS thatperceptually compresss a
multimedia source usingyegazepositionanalysis in a network scenanigth a delay.
Our secondobjective was tamake surethat the proposedeyegazeposition metric is

more conservative than aye fixationbasedmetric.

3 REAL-TIME PERCEPTUAL COMPRESSION SYSTEM DESIGN

3.1 Perceptual Attention Focus Window

To compensate for the feedback loop delay we lcaeatel a conceptof Perceptual
AttentionWindow (W™"™). The purpose othe W™ is to contain futureeye fixatiors.
Two parameters definthe W™ - Future Predicted Eye-Speed (FPES) and feedback
loop delay(Ty).

Our eyes movdetweenthe eye fixatiors using saccades. The acceleration, rotation,

and deceleration involved in ballistic saccades are

guided by the muscle dynamics and demonstrate

stable behavior. The latency, direction of the gaz

and theeye fixationduration have been found to b

Perceptual Attention  Window

highly dependent on the content of the medi

presented and they are often hard to predict.

Figure 3. Perceptual Attention
Window - WPAY,



Therefore WA is modeledas an ellipse, allowinghe W"*" boundariesto take any
direction within theeye movemenacceleration constraints. The size of the ellipse is
proportional to the length of the feedback delay multiplied byRRES The FPES is
broken into horizontal and vertical components which are representeg(thyand {(t)
val ues cor r e stime whenthe #PEBis calBulated Figise 3 presents a
diagram otthe W, Conceptualljthe W”*" can be applied to any type of multimedia

The Histogram EyeSpeed AnalysifHESA) model is used for Wt) and \{(t)
calculation.TheHESA descriptionis preseted inthe SectiorB8.2

TheWPAY transformsvisual sasitivity function presented bil) into a form
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where X_pix, y_pix are coordinates of every pixel of the imége presented PXVgn
and y_ce™"(t) are the V" center coordinates at thente i n s t B is teedbaiikt o .
delay length.VD is the distance between the viewer and the screen on which the
multimedia content is presented. Note: all
distances need to be converted to the pi» -
distances for this equation to be true. °
Figure 4 present:a diagram ofeye ;.
sensitivity function specifiedby (2). The w0

peak point presented by the eye sensitivi

function in Figure 1 becomes the ellipse r* Figure 4. Eye Visual Sensitivity function
the WAW. That means that any point insid combinedwith PerceptualAttentionWindow.

of the WV has a sensitivity level equal tg and itwill be encoded with the highest

quality. The slope irFigure 4 is created by the eye visualggvity functionrepresented
by (1).

3.2 Histogram Eye-Speed Analysis

The intuitive goal of our algorithm wads assign an eyspeed valu¢RunningFrame
Eye eed- RFS)to theevery video frame. Sudmassignment should take care of cases
when there are margyegazepositionsamples detected farframe and theasesvhen
no eyegazepositionsamples are detectddFS assignment should be conservatie,



in case of the high variance in terms of the-ggeeposition coordinates and in case
whentheey¢ r acker 6s sampling r at-eteifthe RTRCSh hi ghe
the resulting RFS valuesould be higher, not lower. Theesulting set of th&rRFS is
evaluated through a histogramsed method tealculateFuture Predicted Eye Speed.

Suppose there are n egazepositions sampled between frames-E(tand F(t)
detectedby the RTPCS Eacheyegazeposition sample has () pixel coordinatesn

frame F(t). RFSor horizontal and vertical eye movement comporgotlculated as

RS gy _ B 3)
Vi =a [ xat-Te)- x(t-Te)l
i=1
n1 4
VIR =8 Y- T) - yiE- T @
i=1
And 1 s t heyegazeposhiensampekdetected fothef r ame fit 0. Aindo ca

per framedue to the unpredictable system and network @el@yis the value of the
feedback delay in the system measured in framgsT4lFrRt. Ty is the value of the
feedback delay in the system measured in seconds. FrRt s The G fudrrent frame
rate per second. Notation(tTg) and y(t-Tr) shows hat the eyegazeposition samples
thatthe RTPCS eceivedfor the frame F(t) are J secads late. Thus delayesl/egaze
positiors are represented by coordinatg#-Xg) and y(t-Tr), where1¢i ¢ n, and n ighe
number ofeyegazepositioncoordinategeceived by thd&RTPCSwhile the frame F(t)is
being compresse®uch computation of thRFS will satisfy the requirements described
at the beginning of this sectiomhe HESA model uses #-Trg) and w(t-Tg) as
coordinates of the W center or the frame F(t).

After each frame was assigned BFS numberit would be necessary to select a
boundary for the Future Predicted Eye Speed based on the history presented by the RFS
set.TheRFS set represents the fimemoryoThef t he |
RFSA me moigrgpesented by a histogram which allditso ficut of f o t he wur
high RFS values present mostly duwe ftua utrtee s
eyegazepositiors representing a saccade will not be covered by the"Wbut such
RTPCS performance is satisfactory dime fact that our eyes are blind during the
saccadestEye-gazepositionsamples representirthe eye fixatiors and the pursuitaill
be mvered by the WY,

Theficutof f 0 par amet er Tamget EyeGazecContammegGChb y t he
The choice of this parametdepend on the amount athe saccades and noigyegaze
positons ampl es presented in the tegyam créeatedhliye. The
the RFS values will be represented by the RH&sinning Frame Ey8peed samplgs



parameterParameteRFSsrepresert the size ofthe set containing a specific number of
the most recent RFS samples.
Mathematically the HESA model works fadlows:

Two RFS sample sets are created: ¢ 6 YOY ,..,qa’ 0 and ¢ 0

YOY ,..,q 0 . TheTGC parametecreatsa per centi | e dioeath of f o b
RFS setn = % Y'OY. After this step a RandomizeeSelect algorithm described in
Cormen etal.[1] is usedto calculate the FPES values.

G0 = VEOW(a o 'YOY,on) )

G 0 = VEOH@ N0 YOY,0n) (6)

The RandomizeeSelect algorithm returns the value df gmallest element of the

input array and it runs in O(RFSs) tinkhe value of the §smallest element represents

VXRFS([_ 4) VXRFS(t' 4)
VS(t- RFSs 1) VFS(t- RFSs 4)
a0 Ve
— 1 2 3 4 g-2 g-1 g RFSs
RFSs

TGG %

Figure 5. Example ofa horizontal FPES calculation.

the Future Predicted Eye Speed necessary to satisfyotie of the HESA modeTlhe
percentage of the RFS samples between the smallest element afiélgraent is less or
equal tothe TGC value An example of the FPES calculation by the HESA model is
presentedh Figureb.

4 EXPERIMENT

4.1 Equipment

The proposed RTPCSvas evaluatedusing an MPE& transcoder [28] integrated
with Applied Science Laboratories efracker model 504ASL 504 has the following
characteristics: accuracy spatial error between true eye position and computed
measurement is less than 1 degreecigion- better than 0.5 degreeyegazeposition
scanning ratei 60Hz That model ofthe eyetracker compensates for small head

movements within a few inches so the subje



required. Neverthelesduring the experiment&verysubject was asked to hold his/her
head still. Before running each experiment, thetegeking equipment was calibrated for
the subject and checked fitre calibration accuracyand if one of the calibration points
was fAoff o, then ¢vwasrepeadd folthatgpointon procedur

4.2  Eye Fixation Detection Algorithm

Surprisingly, there is no firm definition for aye fixation It should be noted that
from a practical point of viewan eye fixationis less a physiological quantity than a
method for categorizing sections of a data stream. Sensible selection of criteria depends
on the experimental goal and the characteristics of the measurement as well as the
underlying physiology. There are quite ewf different algorithms in the literature for
detectingeye fixatiors [25], all of which represent logical strategies. Processing the same

data with

Perceptual '

/

Figure 6. Example of the perceptual (left sidarjd uniformly (right side) compressed frames fc
the fACaro, fAShamuo, f-fateisdViba.ne s o videos.




different algorithms or different parameters for a given algorithm easily sésult
different number okye fixatiors and different setof eye fixationstart and stop times
and positions.

The algorithm that we usel for eye fixation detectionfalls in the category that
Duchowski [ 2 5time elyeafikatidnd e tfied onfEié duh description of the
eye fixationdetection algorithm is presented time ASL eyetracker manual [26]To
detect aneye fixation this algorithm looks for a specified time perifdd(minimum
fixation duration) when eyegazeposition samples within this timeperiod have a
standard deviation of no more thamlegrees of the visual angkeparametemwas seto
0.5 degreeg0.5 is the maximum amplitude dfie involuntary saccadewithin aneye
fixation[7]). b p a r waswatied between 10ts and 150ms A 100ms duration is
recommended by eyteacker manufacturersl§, 26], and 150ms is thetime duration
thatis suggested bgyetracking research literatuf25]. In ou experimentsboth values
o f aréused to evaluate HESA based RTPCS.

4.3 Test Multimedia Content

Human eye movements are highly dependent on the visual content. Some types of
scenes inherently offer more opportunity for compression and some offer less. Any
multimedia compression algorithm should continuously analyze the complexity of a
scene and pwvide the best performance possible. Unfortunately, there is no easy or
agreed means of measuring the complexity of the corfergelect our test bed clipse
have looked at severaéxamples each offering different combinations of subjective
complexites. In this papemwe consider three representative cagesh selected video
clip presentddifferent content challenges to our RTP@Elow are rough subjective
complexity descriptions for each video clip:

Car: This video shows a moving car. It was takem a security camera viewpoint
in a university parking lot. The visible size of the car was approximately one fifth of the
screen. The car was moving slowallowing the subject to develop smooth purseye
movement (our assumptior§ometimes there ammallerobjects such as pedestrians and
other carswvhich appear brieflyin the backgroundout mainly thissi deo6s backgr oun
stationary

Shamu: This video captures an evening performance of Shamu at a Sea World during
the nighttime under a tracking spotlight. This video consists of several moving objects:
Shamu,the trainer, and the crowdeach object ismoving at different speeds during

various periods of time. The interesting aspect of this video is that a subject can



concentrateon different objectsand it would result ina variety of eye movemeist
fixations, saccadesgnd smoothpursuit. The background of the video was constantly
moving due to the fact thahe camera was trying to follo moving Shamu. Suchn
environment s the goal of challenging our algorithm to deal with different types of
eye movements. The fact that the clip was taken during the night provides an interesting
aspect of the video perceptibehaviorby a subject. The snapshot is presented in Figure
6a.

Airplanes: This video depicts formation flying of supersonic planes, rapidly
changing their flying speeds. It was from a performance of the Blue Angels over Lake
Erie. The rumber of planes varies from one to five during the clip. The scene recording
camer movements were rapid zoom and panning. This yideeideda challengéo the
human visual systerii the capturing camera moves unexpectedly, makimg HVS
i 0 v e r shearpanelocation. This behavior challenghe HESA model to build a
compact W to containthe unexpected eye shifthe background of this video was in
constant motion and presented a blue sky.

Figure6 showsan example othe perceptually ad the uniformly compressed frames
using the same bitate It is possible to see that the areas wheveewer is looking are
blurry in uniformly compressed framdsut have a much better quality at perceptually
compressed frames.

All three videos had a rekution of 720x480 pixels, presented with the fraraee of
30fps, and were between 1 and 2 minutes long. The orignthperceptually compressed

videoclips areavailable at our websit@7].

4.4  Participants

Three subjects have participated Ire tevaluabn experimentsEach of them had
normal or corrected to normaision. The subjects were not aware of the video content
before the experiments and were asked to look at the presented content in any way they
wanted. This type of setup is called fndewing in eyetracking literature. Test videos
were presented on the screen oflahinch LCD monitor. The distance betwethe
subjectsd eyes and tnthes. Thegrze of the scremeastiradc e wa's
261x241 in eyaracker units and haalpixel resolution of 1280x1024.

4.5 Raw eye-gaze-position data filtering
An eye position sample was classifiedrassywhen the eyé#racker failed to measure

the eye position coordinatefor that sample The failure to identifyeye position



coordinates usual ly happens due to the
changes int he ¢ ont e nekcéssive lwettd of ithe gye, and squintifie
coordinates of each noisy eye position sample were replaced with the coordinates of the

previous successfully measured eye position sample.

4.6 Evaluation parameters
TheHESA based RTPE isvalidated througlhe AverageEyeFixation Containment
the Average Eye-GazePosition Containment and the Average Perceptual Resolution

Gain.

4.7 Eye-gaze and eye fixation containment

The Average Ey&5azePosition ContainmenfAEGC) is the main designparameter
for our system.The AEGC reports how many raweyegazeposition samples are
contained inside of the ¥". The AEGCis evaluated ovethe available eyegaze
positionsample space.

AEGC:%)g GAZE™™ ( )

k=1
Variable GazE""™" (k) equals to one in the case if th8 &yegazeposition sample is

contained by thav™" and it equals zero otherwiskl is the number of aleyegaze
positionsamples collected ovénewhole test video.

Eye fixatiors arethe key validation parameter itme majority oft o d a y-tragkere y e
basedsystems.The HESA based RTPCS is evaluatdsioughan eye fixationanalysis
with two different minimum duration p®ds:100ms and 150ns

The AverageEye Hxation Containmen{AEFC) is calculated as percentage of the

eye fixationsamples cotained within WA".

N
AEFC = Looa FIX Y™™ (k) ®)
N =
k is the instance of time when"(k) window was constructe&ariable FIX "™ (k)

equals 1 or 0. It equals one in the case if theye fixationsampleis inside of W""and
it equals zero otherwisél is the number of correspondiege fixationsampleghatthe
AEFC is measured oveDue to the fact that not aflyegazeposition sanples are the
part ofthe eye fixatiors, N presents onlgampledelonging to theye fixatiors.
Exampleswhereeye fixatiors are contained and missed by W&"" are presented in

Figure®6.



4.8 Perceptual Resolution Gain

The actual amount of bandwidth reduction and computational burden reduction when
usingthe W™ depend on the two parameters: the size of the area which esjhigh
quality coding ¢ize of W™ for each frampand visual degradation of the periphery.
The AveragePerceptualResolutionGain (APRG) mathematicallycalculateshe amount
of additional compressioachieved by a variable hiate RTPCSwith the feedback loop
delay.

_ M*H*W )
APRG= —

a i Six v dxdy

t=1 0 0

S(x yT is theeyesensitivity functiorrepresented bf2). An eye can see approximately

one degree ofhe visual angle in higastquality from the center of amye fixation
Addressing thesituation when the center of aye fixationfalls on the boundary of
WPAW one degree of visual angieadded to each dimension thie W™". W and H are

the width andhe height of the visualhhage

5 RESULTS
The experiment results evalira the performance of thelESA based RTPC&re
presentedn Figure7, Figure8, andFigure9.

5.1 Eye fixation containment
The AEFC performance othe HESA based RTPCS wamaluated for the case when

Containment
100 — — —
90 1 ] — — — — |
80 T ]
70 A -
= ] -
g 60
= 50 1 T
& 40 1 —
s
S 30
20 1 T
10 1 ]
0
Td=166ms., Td=500ms., Td=1s., Td=166ms., Td=500ms., Td=1s., Td=166ms., Td=500ms., Td=1s.,
RFSs=2000  RFSs=2000 RFSs=2000 RFSs=200  RFSs=200  RFSs=200 RFSs=20 RFSs=20 RFSs=20
B Average Eye-Gaze Containment
O Average Eye-Fixation Containment, minimum fixation duration 100 msec
O Average Eye-Fixation Containment, minimum fixation duration 150 msec

Figure 7. This figure presents threverageeyegaze containment versus average fixation
containment consideringye fixationduration of 100 ms. and 150 nEhe X axis presents the
feedback loop delay duration and RFSs value. The Ypagisents the containment values. The
data points represent the average containment for thgazgs and twparameterizationsf an
eye fixation AEGC and AEFC values areeraged between the subjects &gt video clips.



the AEGCwasapproximately90%.

The Figure 7 shows a side by side comparison of the AEGC atite AEFC
calculation fo two eye fixation parameterizationsOn averagghe AEFC was always
higher thanthe corresponding AEGC for all delay artie RFSs valuesStandard
deviation for the AEGEAEFC values considering all subjects and video clips did not
exceed 3.These resultshow that a RTPCS design basedtbe AEGC yields more
conservative containment results than a system designed arounceymurfixation
analysis. While the parameterization of #ye fixationdetection mechanism changes
AEFC results, the AEGC generally providea lower boundary for various
parameterization choices.

An eye fixationdetection requires a 100150 ms eyegazepositionsample buffer,
while pure eyegazeposition analysis is virtually buffer free. This fact anithe
conservativenature ofthe eyegaze containmennakeit a better choice foan RTPCS

design.

5.2  Average Perceptual Resolution Gain

Figure8 reportsthe APRG valuedor thetestvideo setandthe RFS=2000with the
AEGC of 90% The APRGvalues danot depend on theye fixationparameterization

The APRG varied froml.95 fora delay of 3ms to 1.13 foradelay of 2s. The delay
of 500ms was the mark whetne APRG decreased rapidly to 1.2.

Standard deviation dhe APRGfor differentvideo clipsfluctuatedbetveen0.03and

Average Perceptual Resolution Gain.
2.00

1.80 +—

1.60 1T

1.20 +—

APRG

"Td=33ms.". "Td=166ms.". "Td=500ms.". "Td=1s.". "Td=1.5s.". "Td=2s.".
l BCar B Shamu O Airplanes ]

Figure 8. Average prceptuatesolutiongain achieved by the %" constructedy the HESA
model. The X axis presents the feedback loop delay duration in the systemaXissiows the
APRGachieved byur RTPCS The data points represent different video clips compressed b
system. The HESA modekesRFSsof 2000.The APRG values are averaged between the
subjects.



0.11. Standard deviation dhe APRG between subjects fluctuatéeom 0.02 to 0.45.
This fact proves the perceptual compression is person and content dependant.
The 0 Ai videdyeldedthethest compression resufisr the high delays The
iCar 0 v thabesb corhpaedsion ressifior middle range delays of 166500 ms
Thei Shamuodo video had t h eofthediwee sideodtisistoate s si on 1
afibusyd scene with muinvolved. This type otontem will a | acti
provide lessopportunity for perceptual compression, due to the more rapid eye
movements
The resultsshow thatthe HESA based RTPCgrovides a significant compressign
but up to a certain delay value. We should also mention ttteatictual compession
valuesor the reduction of computational burdefil depend on the particular encoding
schemeA lot of modern codecs can encadtie motionlesgart of the background with a
very few bitsreducing overall bit-rate that way but in the case of a w®d where
everything is movinggds i n t he XN @ddeamoodec willifad & aeduce the
bandwidth withoutvisual quality loss. Ina scenariosuch as thisW™" provides a
specific regionfor high quality coding.This reasoning is supported Byigure 9, where
APRG values for the videos with a moving backgron@ham@, AAirplaneg) are

almostthe samasin thefiCarivideo with a still background.

6 DISCUSSION AND FUTURE WORK
6.1 HESA input parameters
The HESA model has two maiimput parametersthe TargetEye-GazeContainment

(TGC) andthe RunningFrame EyeSpeedsampleg{RFSs).

Ideally the TGC ensures the amounteyEgazepositionsto be contained inside of
the W™, TheTGC goal is to fAcut -Bpkedoaluéstioemedroy nni ng
the @iccadesUsually the amount of saccades does not exceed 10% of the eye trace, thus
90% is a good starting value for the TGe results of our experiments show that TGC
is a conservative parameter with the resulting AEGC values always higher than the TGC.

In practice it isbeneficialto gradually reduce thEGC until the desirable value of the
AEGC is achievedin the design of our RTPC%ve used an algorithm where the TGC
value was reducedne percent at a timantil the desired AEGC value was reaah The
success of sucanapproach can be judged frdfigure9. Depending on the delay value
the TGC valuéhad to bereduced to 8@7% before the AEGC of 90% wasached The
speed of the AEGC adjustment depended on the value of the RFSs, with lower RFSs

values requirindewer steps to brinthe AEGCto the desired level he difference range



was 1225% forthe RFSsof 20 and 18 44% forthe RFSsof 200Q The bwea RFSs
values will adjust better to the rapid change of the comeiitt is indicated by the lower
differences between the TGC and the AEGC numbersinbcéise of a severe network
jitter a W™ will be created withartificially small orlarge size possbly making the
compression artifacts more visible.

For the referengdrigure 9 shows the statistics of correlation between the TGC and
the AEGC values recorded our experiments. Whethe TGC equaled 90%he AEGC
tended to be very close to 100% with standard deviation efA 2between subjects and
videos. When the TGC equaled 70%e AEGC fluctuated between 7194% with stdev
of 13-22. When the TGC equalegD% the AEGC fluctuated between 7286% with
stdev of 1724. From these resultét is possible to see that thercelation between the
TGC and the actual AEGC is subjeatidec and visuaitask dependant.

In our experimentswe found thatthe AEGC of 90% provides an acceptable
compromise between highye fixation containment and the additional compression
received through the use of thétX. Some othetype ofthe multimedia might require a

differentselection othe AEGC number.

6.2 W™V accuracy

It is a valid question to ask o w figiafdrdhe system which usgserceptual
compressiorif an eye fixationis missed.The results might varyependingon how far
the mesedeye fixationis from the W”" boundary and what mapping of the eye
sensitivity function presentdaly (1) is used for a particular choice of mediaurce If a

vi ewer notices the Abl urspeeificdetaieon thepmcturcha n d

Target Eye -Gaze-Position Containment vs Average Eye -Gaze-Position Containment

100.00

90.00 7

80.00 7
70.00 T
60.00 T
50.00 1
40.00 1
30.00 1
20.00 T

Eye-Gaze Containment

10.00 1

0.00 +

Td=166ms., Td=500ms., Td=1s., Td=166ms., Td=500ms., Td=1s., Td=166ms.,  Td=500ms., Td=1s.,
RFSs=2000 RFSs=2000 RFSs=2000 RFSs=200 RFSs=200 RFSs=200 RFSs=20 RFSs=20 RFSs=20

BTGC values for AEGC of 90% BAEGC values when TGC=90% O AEGC values when TGC=70% B AEGC values when TGC=60%

Figure 9. Correlation betweethe arerageeye-gazepositioncontainmentind thetargeteye-gaze
position ontainment. The X axishowsthe feedback loop deland the RFSs value for each
scenarioThe Y showsthe AEGCvalue The TGC andthe AEGC values are averagedtbetweer
subjects and videos.



or she can fixate their eyes on the point in question and the system will stabilize itself
placing the V0"V on the spot under attentiohe amount of timeused duringthe

stabilization willdependnthe RFSs parameter artide feedback delay value.

6.3 Network challenges

It should be pointed out that thereais additional challenge for the detection of any
eye movementypeinside ofan RTPCS For examplgthere is an uneven delay variation
in the multimediacompressiommechanism because different types of video frames take
various amounts of time to encode and prod&8wena network jitter existsheraw eye
gaze position samples start arriviatgifferent components an RTPCSunevenly, thus
making the interpretation dhe eye movementypes even more difficultAdditionally
the transmission delay/lag (feedbdo&p delay) can be an order of magnitude larger than
the duration of a basic eye movemémsaccade oan eye fixatior). Thus by the time a
current viewer ds eye byRIRCS that type oftyg movemens | dent
might be effectively over and useless for the prediction mechanismier the
circumstances such as thesglying onthe averagesyegaze containment instead @fe

fixation containment i®specially beneficial.

7 CONCLUSION

Perceptual compressianill be critical in orderto achievethe compression rat®
needed inthe emerging applicationshat requirecompression levels far beyond those
available through the use of the classic compressiethods Perceptuaimultimedia
compressiomight be especially viable ithesescenarios: remotgehicle control and
operation, remote surgery assistance, virtual reality teleporting or in applications where
eyegaze is used as an input or content evaluation tool.

In this paperwe have proposedn eyegazepositionbased design and evaluation
modelof a Ral Time Perceptual Compression System (RTPO8).results indicatéhat
theeyegazeposition containment (AEGC) is a more conservative evaluation metric than
the eye fixationcontainment metric. Additionaljythe AEGCdoes not requir¢he eye
gazeposition bufferingas it is required in theye fixationcase.

One ofthe most critical challenges the design of aRTPCSdesignis the issue of
the feedbackoop delay.This issue has not been considered by the previous reskarch.
this paper we have addressed this isstieough theconcept of Perceptual Attention
Window.



The important aspect obur researchd that it is media independente have
propose a perceptual attentionindow as a virtual aresuperimposen the rendering
plane ofany visual media. Once the windgvarameters arebtained, then the actual
foveamatched encoding can be performed in numerous media specific ways with various
computationakffort/quality/rate tradeoff efficiencies. Mathematical evaluation shows
thatthe HESA based RTPC® capable otompresimg a multimedia source by up to
1.95 times.
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