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STABILIZATION OF KEY FRAME DESCRIPTIONS
WITH HIGHER ORDER VORONOI DIAGRAM

Video summary is one of currently developing areas of video mining. Static summary is composed of key
frames extracted from video, which fully depict its content. While extracting key frames with the help of Voronoi
tessellation comparison, it has been proposed to detail frame content with higher order Voronoi diagrams. This step
has lead to simplification of computational procedure compared with increasing the number of initial generator
points. Key frames extracted with Voronoi diagrams have been checked for precision and recall and compared
with three existing extraction techniques based on optical flow, cluster analysis and curve simplification.
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Introduction

Last decade is marked by great progress in machine
vision based on artificial intelligence techniques. It is
mostly due to increase in hardware capacity that made
possible to store huge amount of data and process mul-
timedia in a high speed. Just 10 years ago scientists dealt
with image processing, on the contrast, contemporary
researchers process video, as hardware possibilities are
finally opened up. Despite of these favorable condi-
tions, video processing still lacks in high quality uniform
methods that might be applicable for a number of sub-
ject matters. Aside from variety of application domains,
one of the main problems that arises is shooting con-
ditions (for example light, camera move, zoom, etc.).
Moreover, video quality also influences on the results.
For instance, video shot even at AVCHD lite resolu-
tion 1280720 and high definition video 1920 x1080
may show different results for the same processing algo-
rithm. That is why the gap between low level video fea-
tures (like color and texture) and high level semantics
(features that lead to understanding of video content)
is so big.

Zhang D., Eakins J.P., Su Z., Hyvonen E., Smith
J.R., etc. [1, 2] tried to shorten this gap by incorporat-
ing of high level features, but the truth is that the only
thing can be done is mid level presentation obtained
from interpretation, transformation or filtering of low
level data. After transition from image to video retriev-
al, researchers also continue to analyze the whole video
as a sequence of images (consecutive frames), transfer-
ring approaches of spatial segmentation. The only thing
that changed is added temporal segmentation of video
into shots, scenes and subscenes, which group closely
related content.

From this point, search for similar content in videos
is much more advantageous compared with standalone
images. Our research is performed in this context of
video recognition. By summarizing video content we
propose to extract representative frames that depict
information from several similar frames. These similar
frames are not obviously consecutive but they must have
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identical content to be presented by a frame, or this rep-
resentative frame corresponds to a great change in the
scene (outlier).

Key frame extraction may be implemented by dif-
ferent methods, including simple extraction of first/last
frame of each scene, motion analysis, clustering analy-
sis, matrix factorization, curve simplification and their
modifications observed in [3]. Let’s take a look at three
most popular groups of methods.

By analyzing optical flow we can only extract frames
with significant changes in motion. Moreover, this kind
of methods possesses very slow performance especially
for high quality data. The results may happen to be very
poor for typical motion with homogeneous exposition
and scenes. Changes in light may also influence great
motion whereas there is no motion at all. Different
threshold values should be set for videos with lots of
moving objects and poor motion videos. And the main
issue for key frame extraction is that optical flow does
not reveal significance of motion detected.

Extracting key frames with cluster analyses forces to
set the number of clusters a priori as it is impossible to
unify cluster assignment procedure for different video
types. Similarly to the previous group of methods, clus-
ter analysis badly deals with homogeneous content. In
addition, objects are often assigned to wrong clusters.
Frames with identical texture and color scheme, but
different content, may be treated the same way and not
extracted. But unlike the previous group of methods,
clustering enables to find centroid which defines frame
importance most accurately.

Analyzing key frames extracted by curve simplifica-
tion, it is notable that many frames extracted are alike.
Additional procedures are needed to decline similar
frames obtained. Some frames with really different con-
tent are not extracted.

For all the mentioned above techniques, the trick is
that some users (experts or respondents) do not like to
watch wrong frames extracted. They want to get only
relevant frames, no matter how small their number will
be. These users look for high precision. Others want to
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get high recall. They agree to look through wrong frames
extracted, they just want to obtain full information and
do not miss any true key frame. For this reason it is very
hard to estimate the above methods, but a good method
assumes that precision gets lower with increase in the
amount of key frames extracted.

To find better solution, we propose extracting key
frames with the help of Voronoi diagrams and higher
order Voronoi diagrams for detailing video content.
In the next section we observe formal definitions for
Voronoi tessellation and tessellation of higher order
from a frame point of view. Section two shows the re-
sults of detailing video content with Voronoi diagrams
of higher order, and the last section provides numerical
estimation for key frame extraction using Voronoi dia-
grams. Conclusion is given at the end of the paper.

1. Formal Definitions

Initially designed for geodesy, Voronoi diagrams
gained large popularity during the past years in com-
puter graphics, especially for 3-D modeling [4, 5].
We propose a novel application for Voronoi diagrams
of order-k. The novelty lies in application of Voronoi
tessellations as segments for comparison in sequential
video to find frames with significant content and extract
key frames from video to obtain short static summary.
Order-k Voronoi diagrams are to be used for detailing
of video frame content.

A simple Voronoi diagram or an order-1 Voronoi di-
agram V is built on generator points {p,, p,, ..., p,} set
a priori. The diagram corresponds to decomposition of
a set (an image, in our case) into Voronoi tessellations
v(p),v(p,),&,v(p,)} according to the following rule:

v(p,) ={zeR?:d(z, p)<d(z, p;)Vi#j} (1)

where d(o,0) — planar Euclidean metric, Voronoi
tessellation v(p; ) , corresponding to the generator point
p; , includes all the points z, distance to p, from which
is less than distance to the other generator points p; with
index j different from index i [6, 7].

Voronoi diagrams of higher order have been studied
by many scientists since 1970. Among the most promi-
nent are the works of Miles, Shamos, Aurenhammer,
Agarwal etc. In context of Voronoi diagrams, the term
“order” means the amount of generator points that form
Voronoi tessellation, and “higher order” or “order-k”
assumes that there are more than one generator point
(in contrast to simple Voronoi diagrams where one
point form a single Voronoi tessellation). Here, “higher
order” does not have any relation to dimensionality
of space [8], as all the video frames (images) lie in XY
plane.

Voronoi diagram of order k, ¥® | that is built on »
generator points in 2 dimensional space, is a division
of a plane into convex polygons, such that points z of
each Voronoi tessellation v*) have the same number of
nearest generator points p; , equal to k. The previously

mentioned simple Voronoi diagram is a particular case
of order-k Voronoi diagram with k=1.

To provide a formal definition for Voronoi tessel-
lation of order k, assume that {p,, p,, ..., p,} is a set of
generator points, and {{py i, ..., Py g fr--s D1 Dii M
is a set of subsets with k nearest generator points, then a
convex order-k Voronoi polygon v}") , formed by gen-
erator points {p,, , ..., p;;},canbe written the follow-
ing way:

k) — 2. k
v,-( )={zeR .max{d(z,p,.,h),pi’hevf <

)
<min{d(z,p, ;), p;; € Y\ yoyy

In other words, the distance between the farthest
point of one Voronoi tessellation to its corresponding
generator points is closer or equals to the distance to any
nearest generator point of another tessellation. Arbitrary
Voronoi tessellation of order £ may contain from 0 to &
generator points, i.e. in a Voronoi tessellation of order k&
there may be no generator points at all [8, 9].

To compare consecutive video frames presented
by Voronoi diagrams, we offer using partition metric
p(V', V") introduced in [10]. It provides understand-
ing of how different Voronoi segments in consecu-
tive frames B'(z) and B"(z) (with generator points

{\,p%5,...,p,} and {p",p",,...,p",} respectively)
are.

p*(B'(z), B"(2)) = Z;Zf’zlcard(V(p'i JAV(p";)) x
xeard(v(p';) " v(p” ;) =p(V", V"),
where
v(pDAV(p")=((p" )\ V(P )HUM(p )\ v(p"))).

At the first stage of key frame extraction procedure we
extract key frames B (z)€.S,(i,j) (without limitation
in number) within each shot S,(i,/)=[B,(z), B;(2)],
[=12,...,0,jel,, >L,=0 (¢g=1,2,...,0 is a discrete
time of video lasting) according to the rule:

r=argmin, (ZteL,,mp(B'(Z)’ B,(2)). (4)

At the next stage, key frames from each shot are
compared with each other to eliminate repeats or iden-
tical key frames.

Shots are detected by adaptive multidimensional
time series model described in [11, 12]. Generator
points are proposed to be set automatically with one of
existing methods mentioned in [13]. During our experi-
ments we have used Harris corner detector to obtain
generator points. While performing key frame extrac-
tion procedure, area, location and shape have been used
as spatial features. Also traditional colour and texture
features have been used.

2. Experiments on Detailing Video Content

The increase of order k influences growth in number
of Voronoi tessellations, i.e. detailing enhances.
Experiments proved that at some step of detailing, it
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becomes weaker under gradual increase of order & (see
fig. 1). Moreover, detailing starts to fade not when the
value of order k reaches its maximum (it reaches maxi-
mum when k=n-1), but much earlier.

Under k=n-1,i.e. when Voronoi diagram order is
the highest possible and equals to the total number of
generator points minus one, the diagram is called fur-
thest-site Voronoi diagram [9]. It is important to note
that the threshold value for detailing reduction is differ-
ent for different number of generator points.

Fig. 1 shows a frame from Trecvid video sampling
collection with order-k Voronoi diagrams for 15
generator points. The order is indicated at the top left
of each diagram.

Fig.1. Order-k Voronoi diagrams for 15 generator points

Fig. 2 shows averaged graphic that illustrates the
dependence of Voronoi tessellation amount on the or-
der of a diagram with 15 generator points. Though the
amount of Voronoi tessellations depends on location of
generator pointsin a plane, experiments held on Trecvid
test collection proved that the amount of Voronoi tes-
sellations varies in the interval of 20-30 % for diagrams
of the same order with the same number of generator

points.
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Fig. 2. The dependence of Voronoi tessellation amount
on the order of a diagram with 15 generator points
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It is important to note that the decrease in detailing
usually happens much earlier than a threshold is reached,
but, when it is reached, the number of points becomes
less in comparison with not only the previous order but
also with diagrams of any order including the first order
(see fig. 2). In any case, detailing changes under parabo-
la. First, it increases, and then fades smoothly reaching
its threshold value near the highest order. Table 1 shows
threshold values for 5-35 generator points with 5 point
interval. Though, it has been experimentally proved irra-
tional to have more than 20 generator points to construct
Voronoi diagrams for further key frame extraction.

Table 1

Threshold values for Voronoi tessellation detailing reduction

Amount of Order k under which threshold value
generator points for detailing reduction is reached

5 4

10 9

15 13
20 18
25 22

30 28

35 32

Thus, Voronoi diagrams of order £ bring an excellent
tool for detailing of images when they are to be compared
with each other. Another variant is to select more
generator points initially, but this influences much more
computational complexity compared with construction
of order-k diagrams. This fact is easily explainable, as
generator points are refined and Voronoi diagrams are
rebuilt before comparison. The refinement procedure
and building of simple order-1 Voronoi diagrams may
not converge for a large number of points (sometimes
just because of lack in memory resources). Moreover, it
is not rational to have so many tessellations for all kind of
images and to incorporate detailing in a usual procedure
to be performed over time. The more points, the higher
order, the greater computational complexity is.

3. Estimation of Key Frame Extraction Procedure

Estimation of results obtained after key frame extrac-
tion can be done under subjective opinion of respond-
ents only, which gives an overview of their satisfaction
level from video summary they have seen. Such kind of
polling results is traditionally studied by the measures of
precision and recall. Denote precision by P ( P€[0;1])
and recall by R (Re[0;1]). Precision is the amount of
found key frames that turned out relevant, and recall is
the number of found relevant key frames from all the
relevant key frames.

p p
P= ; R= , 5

o i ©

where #p, fp, tn and fn canbe clearly understood from

the following table proposed by [14] while describing
textual information search:
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Table 2
Notations used for relevant and irrelevant key
frames while calculating precision and recall
Relevant Irrelevant
(key frame) (not a key frame)
Found Extracted key frame Nota key
» (true positive, 1p) frame ex.tr.acted
(fault positive, fp)
Not Not extracted key frame —
found (n) (fault negative, fi) (true negative, tn)

The advantage in usage of two measures simultane-
ously is obvious. As mentioned above, sometimes it is
more important to get small number of relevant frames
only, but sometimes it is better to have a huge amount
of even fault detected key frames. Recall does not get
lower when the number of key frames detected arises.

In total, the task is to reach optimal balance for re-
call with satisfactory level of fault positive key frames. A
measure that finds such a balance is called F-measure.
If we put equal weights for precision and recall, we ob-
tain balanced F-measure denoted by F ( £ €[0;1] ) that
equals to Dice coefficient [14].

2PR
'""P+R ©

Consequently, Dice coefficient can be used in order
to estimate key frame extraction techniques. Fig. 3 illus-
trates key frames extracted by 4 different methods from
Chinese commercial about Mersedes automobiles. For
the purpose of estimation, optical flow has been calcu-
lated by Horn-Schunck method which analyses changes
in motion field energy. It combines optimal balance be-
tween good quality and performance according to gen-
eral rating of optical flow algorithms from Middleburry
database [15]. K-means has been chosen as clustering
method. As for curve simplification method, we have
used the same features for it (as for clustering method),
but due to difference in procedures the results turned
out also different.

Dice coefficient calculated for key frames extracted
using Voronoi diagrams from Trecvid sampling collec-
tion, from several commercials and self-made high def-
inition test samples (shot at the city centre), equals 0.92
at the average, which is better than Dice coefficient for
optical flow method (0.65), and even better than Dice
coefficient for clustering (0.78) and curve simplification
(0.83) methods. The estimation was performed by 10
independent respondents who did not know the name
of key frame extraction method they examined. The
highest recall was obtained for optical flow method as
too many frames were extracted. The highest precision
was obtained for curve simplification method, but some
key frames were omitted.

Conclusion

Tasks of video mining are in demand nowadays.
Especially it concerns content based retrieval. And it
is easily explained, as most of existing methods do not

Clustering
Method

ll Curve Simp-
lification
Method

Based on Voronoi Diagrams Method

Fig.3. Key frames extracted by 4 different methods
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show man-like processing results. This is true for video
summarization. In this paper we propose a novel imple-
mentation of higher order Voronoi diagrams, found for
geodesy, in static summarization of video. Video frame
presentation with Voronoi diagrams and further com-
parison of them enabled to get machine interpretation
of how objects are moved in space and time. Similar
content in sequential frames turned out to have identi-
cal diagrams. Voronoi diagrams of higher order simplify
detailing key frame content compared with increasing
the number of initial generator points. Estimation of the
proposed key frame extraction procedure shows high
precision and recall.
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CraOuaM3anus ONMCAHMIA KJII0YEBBIX KAJIPOB C IOMO-
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B cratbe paccmaTpuBaeTcs akTyadbHOE HarpaBie-
HME paclio3HaBaHUSI BUAEO C YUYETOM COAEPXKUMOTO.
PedepupoBaHue Bujaeo myTeM U3BJICUCHUs 3HAYMMBbIi cTa-
TUUYECKUX M300paXkeHUi1, OTPaKAIOIIMX CYTh BCETO MaTepua-
J1a, SBJISIETCS TeMOM MCClIeI0BaHUi. ABTOPHI TIPEATIPUHSIIN
MOMBITKY PeaIn30BaTh IPOIIEAYPY IMTOMCKA KIIFOUEBBIX KaJIpOB
¢ nomouiplo auarpamm BopoHoro. Iuarpammel BopoHoro
0oJiee BICOKMX MOPSIIKOB MPEIaraeTcsl UCIoab30BaTh MpU
JIeTaJIN3alMU COAEPKUMOTO BUIEOKAPOB.

Wn. 3. bubnuorp.: 15 Ha3B.
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Cra6inizanis onuciB KJII0Y0BUX Ka/APiB 32 J0NOMOIOI0 Jjia-
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E.Jl. MixHoBa // bioHika iHTeJIeKTy: HayK.-TeXH. XXypHaJl. —
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Y craTTi po3MIANAEThCA aKTyAIbHUI HANIPSIMOK PO3ITi3-
HaBaHHs BiJico 3 ypaxyBaHHsIM BMicTy. PedepyBaHHS Bineo
LUISIXOM BWJIYYEHHSI 3HAUMMUI CTAaTUUHUX 300pakeHb, 110
Bi10OPaKaloTh CYyTh BCbOTO MaTepiaiy, € TEMOIO TOCTIIKEHb.
ABTOpM 3pOo0OMJIM CIIpOOY peastizyBaTu IPOLEAypy ITOIIy-
Ky KJIIOYOBMX KalpiB 3a JIOMOMOrow niarpam BopoHoro.
Hiarpamu BopoHOro 6ijib1II BACOKMX MOPSIKiB TPOTIOHYETh-
Cs1 BAKOPMCTOBYBATH IPH JI€Tajli3allil BMICTy Bil€OKaIpiB.
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