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We study the problem of predicting the users’ viewing behawr in an Interactive TV application, o %\T/irgu'eeoctggn History o raiectory
using soccer match as an example. Based on the informationtexcted from the video frames and 8l B Simple Extrapolation
the user’s Region of Interest (Rol) trajectory history, we nmake the prediction of user’s Rol Iin the o 7l
S frames ahead of time. We start with a generic probabilistic nodel, make simplifications and develop £ ol
a tractable system. Lastly, we verify its performance throgh a set of experimental results and a live ¢
demo. S ) i
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Prediction Using Video T
We discretize each video frame into blocks and for each bjogk computePr (Ix1y(p) | f777), 1] HI IHHI
wherel;,,(p) is the indicator function of block being in Rol in frame&t + n). We further make 0
the following simplifications: sal Audience - Players Mixed
_ Pr(Ipin(®) | 77 = Pr(Tesn(p) | fron) Distance between predictions and correct Rol centdq@s
Environment Setup = Pr(Lyn(p) | Ean(p), p) for different user behaviors and prediction schemeg.
_ _ _ _ _ _ _ Users can follow the ball, scan the audience, look it
ngh-resolutl_on video 1S avgllable at the server. Both The second equation makes_the assumption thal(p) depends only on a local patcy,, the players or switch randomly. Predictions respe
a low-resolution overview video and an enhancement-  aroundp and the actual locatiop. To computePr(/¢1n(p) | &4n(p) p), We select features tively use video features (good for well localized be
layer video of the Rol predicted by the system are to reflecté;4,(p) andp, and use a logistic regression model. The features we selelode: haviors), recent trajectory (good for changing beha
st_r”elamded t(r)1 _thhe us_edr. Accu:r_ate( prledictgqn of _the) Rol  DIST BALL(p), MOV (p), NUM_PLAYERS(p) andLOCAL _LABEL(p). jors), a smart combination of the previous two, a
will lead to higher video quality (or less distortion) at . : : - - -
the user side. We will allow some streaming start-up PredICtIOn USIng TrajeCt()ry inear extrapolation (comparison benchmark).
delay and send some number of frames of the thumb-  The available information is the user’s recent Rol trajgctnd his behavior from watching pre- [ Err——
nail video ahead of time. Hence, the Inputs to our  yioys matche®,, ®», ®s, ..., & . We believe that there exist “typical trajectories” thagxssvery 7 | — Trjectory History
module are the trajectory of the user's Rol history and o mmonly follow which would be difficult to capture under agle set of parameters. Hence, we e eamaton
the thumbnail video up to the irame of prediction. The  jjyide the trajectories into clusters and perform an indelpat regression within each cluster. il

performance will be evaluated based on the Euclidean
distance between the predicted Rol trajectory and the
actual one.
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Parameters and cluster centroids are computed in an offimatg phase and stored to be used at
prediction time. While the user is watching the match, hisaweor is periodically classified into
one of the clusters and his future Rol center is predictaugusie corresponding coefficients. His
Rol window is modeled as a Gaussian convolved with the ctweartow.
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Time Prediction REEEEELEEEEEEE Sk Error vs. lookahead time. For short times, trajecto
| ! A {¢1¢2¢N} ; predictions are better, but as we try to predict furthe
[ g aver | R : in time, the video features offer a very reliable sourdg
I | Detection DeteZtion <« : ***** | - -
Probabilistic Model ! : Segment : of information. We used a lookahead of 3 seconds.
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Suppose we have a sequence of overview video frames! | pistance d |Movement| | Number of| ¢ L ocal i inimur | S K-Means | — ideo Informaion
{ fz} on each frame the user can indicate a Rol : To Ball Intensity Players Labels E ML i Clustering i :\T/:Z‘Leocgi’n';:i?dri’/vith sectony
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Suppose currently we are at timewe want to make Training ! | 1 : o — Simple Extrapolation
- - , . . Feature Vector ! eas ! 0
a prediction of the user’s Rol at steps ahead, i.e., Labely(’t) (0) — : ! S — | § | —
ot+n- The iInformation available for our prediction in- L Regression - 3T |Least | 53
. . | Squareg | —
cludes: 1) the overview video up to frame+ n), Logistic l 1 -5F Coeffs - et | ; _
_ t B = ) . : uares : g —
l.€., f = { C ft—l—n—27 ft—l—n—b ft—H”L}! and 2)t the il x-~ "~__ S : 0 25f
user’s Rol trajectory history up to frantei.e., ¢" = : : -
J y y up e gb : Query Feature Vector 0 # : Training Ofﬂme' g
1o Ot-2, 011, ¢} Based on all the information T erosabity Map Pr( = 1) —~ 1 1>~
available, we make a prediction using: > hy(*) L/ \
t+n — arg maxp ¢t—|—n f , O Prediction Using Video 15 ' ' ' ' ' ' ' ' '
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istory lengt
— arginaxp (¢t+n ft+n) p (¢t+n | ¢t) : Y .. : : ..
Drsn Combining| * Error vs. training window duration. Longer training

Information

times slightly improve the accuracy of trajectory pre
dictions, but at the cost of increased complexity arg
feature degradation. We decided to base our predg-
tions on the past 4 seconds.

We assume Markovityf{ ™" < ¢y, < ¢') and uni-
form prior probabilityp(¢¢y,).




