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Abstract—The need for video summarization originates
primarily from a viewing time constraint. A shorter version of
the original video sequence is desirable in a numbeof
applications. Clearly, a shorter version is also reessary in
applications where storage, communication bandwidthand/or
power are limited. The summarization process inevibly
introduces distortion. The amount of summarizationdistortion is
related to its “conciseness”, or the number of fraras available in
the summary. If there are m frames in the originalsequence and n
frames in the summary, we define the summarizationate as m/n,
to characterize this “conciseness”. We also develog new
summarization  distortion metric and formulate the
summarization problem as a rate-distortion optimizdion
problem. Optimal algorithms based on dynamic progranming are
presented and compared experimentally with heurist
algorithms. Practical constraints, like the maximumnumber of
frames that can be skipped, are also considered the formulation
and solution of the problem.

Index Terms— Dynamic Programming, Rate-Distortion
Optimization, Video Analysis, Video Summarization.

I. INTRODUCTION

quality. A video summary generator that can “optigiselect
frames based on an optimality criterion is esskftiathese
applications.

The solution to this problem is typically basedaotwo step
approach: first identifying video shots from thee® sequence
[7], [12], [15], [17], and then selecting “key frasi according
to some criterion from each video shot. A comprehen
review of past video summarization results candemd in the
introduction sections of [6] and [24], and specifikamples
can be found in [1]-[5], [7], [21] and [25]. Sométhe main
ideas and results among the previously publishedltseare
briefly discussed next.

Zhuang et al. [25] proposed an un-supervised clustering
method. A video sequence is segmented into videts by
clustering based on color histogram features inHB& color
space. For each video shot, the frame closestecclister
centroid is chosen as the key frame for the vides. Notice
that only one frame per shot is selected into thgeos
summary, regardless of the duration or activitytred video
shot.

Hanjalicet al [6] developed a similar approach by dividing
the sequence into a number of clusters, and finttiagptimal

viewing time constraints as well as communication a fepresented in the video summary by a key frame Réy

storage limitations, in security, military, and em&inment
applications. For example, in an entertainment iagfibn, a
user may want to browse summaries of his/her patsodeo
taken during several trips. In a security applmati a
supervisor might want to see a 2 minutes summarwhait
happened at airport gate B20, in the last 10 m#uke a
military situation a soldier may need to commurdctictical
information utilizing video over a bandwidth-limitenireless
channel, with a battery energy limited transmittestead of
sending all frames with severe frame SNR distorteietter
option is to transmit a subset of the frames witghér SNR
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idea in this paper is to remove the visual redungamong
frames.

DeMenthonet al [1] proposed an interesting alternative
based on curve simplification. A video sequencgdwed as a
curve in a high dimensional space, and a video samns
represented by the set of control points on thavecuhat
meets certain constraints and best represent tle.cu

Doulamis et al [2] also developed a two-step approach
according to which the sequence is first segmeimtiadshots,
or scenes, and within each shot, frames are sdlettie
minimize the cross correlation among frames’ fezgur

Sundaram and Chang [21] use Kolmogorov complexta a
measure of video shot complexity, and compute titeos
summary according to both video shot complexity and
additional semantic information under a constrained
optimization formulation.

For the approaches mentioned above, various Visaalres
and their statistics have to be computed to idgenideo shot
boundaries and determine key frames by thresholding
clustering. In general such techniques require passes and
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are rather computationally involved. They do notdhamooth
distortion degradation within a video shot and laeeristic in
nature.

Since a video summary inevitably introduces digtog at
the play back time and the amount of distortiomeigted to
the *“conciseness” of the summary,
summarization problem as a temporal
optimization problem. The temporal rate is theaati the
number of frames selected in the video summaryugettsat in
the original sequence. It characterizes the “ca@mass” of the
video summary. The summarization distortion isadtrced by
missing frames. Clearly if all frames are includetb the
summary, there will be no summarization distortiand the
amount of summarization distortion is determined thg
number of missing frames and their locations in dhiginal
sequence. We introduce a new frame distortion mbgiween
different frames, and the summarization temporsiodiion is
then modeled as the average, or equivalently tted fame
distortion between the original and reconstructequsnces.
Clearly, if we can afford more frames in the summadhe
summarization temporal rate will be higher
summarization distortion will be lower.

For a given temporal rate constraint, we formuldie
optimal video summary problem as finding a pre-deteed
number of frames that minimize the temporal digort On
the other hand, for a given temporal distortionstraint, we
formulate the problem as finding the smallest numbé
frames that satisfy the distortion constraint.

The paper is organized as follows: In section |l present
the formal definitions and the rate-distortion ap#ation

formulations of the optimal video summary generatio

problem. In section Il we present our optimal vad®immary
solution to the temporal distortion minimizationrfaulation.
In section IV we discuss the optimal video sumnswlution
for the temporal rate minimization formulation. $ection V
we present and discuss some of our experimentaltse®r
various algorithms. In section VI we draw conclusioand
discuss future research directions.

II. RATE-DISTORTIONOPTIMIZATION: DEFINITIONS
AND FORMULATIONS

A video summary is a shorter version of the origiwideo
sequence. Video summary frames are selected fraen

we formulate th ) .
rate-distortioﬂeterm'ne‘j by the frame selection proceks i, ..., In.q},

A. Temporal Rate and Distortion

Let a video sequence offrames be denoted By = {f,, f,
.., T} Let its video summary ofm frames be
S={f,.f,,f .}, in which I, denotes thek-th frame

§elected into the summa® The summans is completely

which has an implicit constraint thdg< |;<...<l.1.

The reconstructed sequeneg'={ f,', f;',--- f,.;'} fromthe
summary S is obtained by substituting missing fremith the
most recent frame that belongs to the summarya$jgh

fi'= Ficmaxt): st 1 lyoolyy o} i< - (1)

Let the distortion between two framgandk be denoted

byd(f;,fc). Clearly there are various ways to define the

frame distortion metricd(f;,f,). (an example will be

presented in Section V). The optimal solutions tgyed in
this paper are independent from the definition to$ frame
metric. To characterize the sequence level sumat#oiz
distortion, we use the average frame distortiorwbeh the

and theriginal sequence and the reconstruction, given thg

temporal distortioras,

1 n-1
D(S) ==) d(f;.f;"). 2)
ni
The temporal rateof the summarization process is defined
as the ratio of the number of frames selected th#ovideo
summarym, over the total number of frames, in the original
sequencey, that is

mg:%. 3)

Notice that the temporal ra®S) is in range (0, 1]. In our
formulation we also assume that the first framthefsequence
is always selected into the summairg,, l,=1. Thus the rate

R(S) can only take values from the discrete set
12 n-1

{_1_1“'1_!1}-

nn n

For example, for the video sequensgf,, fi, f,, f3, s} and
its video summangs ={f,, f,}, the reconstructed sequence is
given by Vg'={fo, fo, f2, T2, T3}, the temporal rate is equal to
R(S)=2/5=0.4 and the temporal distortion computed from (2)

is equal tdD(S) = (1/5)[d(fo,f1) +d(fz,f) +d(ff)].
th |

original video sequence and form a subset of ite Th

reconstructed video sequence is generated fromvitheo
summary by substituting the missing frames by thevipus
frames in the summary (zero-order hold). Clearlyvd can
afford more frames in the video summary, the digior
introduced by the missing frames will be less sevén the
other hand, more frames in the summary take lotiger to

B. Rate-Distortion Optimization Formulations

Video summarization can be viewed as a lossy temporal
compression process and a rate-distortion framework [18],
[19], [20] is well suited for solving this problem. idg the
definitions introduced in the previous section, we now
formulate the video summarization problem as a temporal rate-

memory to store them. To express this trade dffvben the
quality of the reconstructed sequences and the eurnb
frames in the summary, we introduce certain deding and
assumptions for our formulations.

Rnax IS given, resulting from viewing time, or bandwidth and
storage considerations, the optimal video summary is the one
that minimizes the sequence temporal distortion. Thus we
have:

Formulation l: Distortion

Minimum Optimal
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Summarization (MDOS):

S = argmin D(S), st.R(S) < Ryax; 4)

whereD(S) andR(S)are defined by (2) and (3) respectively

The optimization is over all possible video summémme
selections K, 14, ..., In.1}, that contain no more tham=nR,,«
frames. We call this am{m) summarization problem.

In addition to the rate constraint, we may also as® a
constraint on the maximum number of framkge, that can
be skipped between successive frames in the sunn&uych
a constraint imposes a form of temporal smoothaesscan
be a useful feature in various applications, such
surveillance. We call this then{m-K,,) sSummarization
problem, and its MDOS formulation can be written as
S argmsln D(S), 5)
st. R(S) £ Ry andly, =1, < Ko +1, Ok

Alternatively we can formulate the optimal summatian

f« into the summary. The process is repeated unél th

number of frames in the summary reachesThe resulting
solution is sub-optimal. The frames selected ihtogummary
tend to cluster around the high activity regionserehthe
frame-by-frame distortiond(f,, f,_; )is high. The video

summary generated is “choppy” when viewed. Cleavty
need to better understand the structure of thelgmoland
search for an optimal solution.

B. Distortion State Definition and Recursion

We observe that the MDOS problem has a certain-iouilt
Rtructure and can be solved in stages. For a giveent state
of the problem, future solutions are independentnfrpast
solution. Exploiting this structure, a Dynamic Pramming
(DP) solution [19], [20] is developed next. An ialtversion is
reported in [14].

Let the distortion stat® be the minimum total distortion
incurred by a summary that heames and ended with frame

problem as a rate-minimization problem. For a giveﬂ((h_l:k) that is

constraint on the maximum distortioB,,,, the optimal
summary is the one that satisfies this distortionstraint and
contains the minimum number of frames. Thus weshav

Formulation 11 : Minimum Rate Optimal Summarization
(MROS):

S = argmsin R(S), st. D(S)< Dypay (6)

The optimization is over all possible frame setatsi{, |-,
..y In} and the summary lengtm. We may also impose a
skip constrainK,,0n the MROS formulation, as given by,

S =argminR(S),

gminR(S) @)
St. D(S)< Dpaye andly =1 < Ko +1 Ok

The solutions to the MDOS and MROS formulations |

given in Sections Il and IV respectively.

lll. RATE-DISTORTIONOPTIMIZATION: DEFINITIONS

AND FORMULATIONS

For the MDOS formulation in (4), if there areframes in
the original sequence, and can only hameframes in the
n-13_ (n-21)!
m—lJ - (m=-1)! (n-m)!

solutions, assuming the first frame is always i@ summary.

summary, there are( feasible

Whenn andm are large the computational cost in exhaustively

evaluating all these solutions becomes prohibitiVe.have an
intuitive understanding of the problem, we discadseuristic
greedy algorithm first before presenting the optistdution.

A. Greedy Algorithm

Let us first consider a rather intuitive greedyoaithm. For
the given rate constraint of allowable franmgsthe algorithm
selects the first frame into the summary and coegpuhe
frame distortions. It then identifies the currersximum frame

distortion index ask™ = mslx{d(fk, f, ")}and selects frame

n-1
k _ .
Dy =, min D d(f}, ficmaxgysticon o knici) ()
vlerh-2 29

Notice thatl,=0 andl;=k, and they are therefore removed
from the optimization. Sincé<l<... < l,<k, andi<j, (8)

can be re-written as,

k-1
k _ .
Dy = min {zd(fjvfi:max(l):s.t.ID{O,Il,IZ,-~~,I1_2},isj)}
vl2r b2 50

n-1 . 9)
+>d(f, )
i=k

in which the second part of the distortion depeoighe last
summary framef, only, and it is removed from the
minimization operation. By adding and subtractihg same

term in (9) we have,
k-1

k _ .
Dy =, min A}, Ficmaxgy st 10000y} i)
vlarl2 50
n-1
+d(F ) ficmaxgy st 0000 b i)
j=k
n-1 (10)

- Zd( fj ) fizmax(l):s.t. [’ (N P PPN P 8 isj)}
j=k

n-1
+>d(f;, )
j=

We now observe that sin&e < k, we have that

n-1 n-1

Zd(fj ) fi:max(l):s.t. IT{OMy - d_o} i< )= Zd( fj ) f|t_2) (11)

i=k i=k

Therefore the distortion state can be broken in parts
as,
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k-1

{Zd( fis ficmaxt):st 10000, L0 b i< )
i=0

DX= min

Loz

-1
+ Zd( fi0 fimmaxg): st 10000, 1l ohi<)
i=k

n-

1 n-1
d(fj'fh_z)}*'zd(fj'fk) , (12)
j=k j=k

n-1

{Zd( fis ficmaxq):st 10000, Lo _h i< )

t-2 j:O

min

(P

n-1
=2 [d(f fi ) =d(f), f)B
j=k

e't—Z-k
where the first part represents the problem of mizing the
distortion for the summaries withl frames and ending with
framel.,, and the second part represents the “edge co#itieof
distortion reduction, if fram& is selected into the summary of

t-1 frames ending with framle,. Therefore we have,
n-1

D= = min{  min {Zd(f,‘: Fi—max(): st 100l b 1<) 3

t=2 1020 -3 j=0
_eII—Z!k}

— i Al li_a.k
= nt]_|2n{Dtt_12 —g't2 }
(13)

The relation in (13) establishes the distortioriestacursion
we need for a DP solution. The back pointer salveptimal
incoming node information from the previous stager state
DY it is saved as,

0, t=2

Rk = PN I,k
argrlmn{Dt‘_l2 —er2t} t>2
t-2

(14)

Since we assume that the first (0-th) frame is wdwa
selected into the summarﬁzk is set to 0, and the initial state
D.’is given as,

o 1 n-1
Dy ==>"d(fo, f;) (15)

N

Now we can compute the minimum distortidd for any

video summary ot frames and ending with frameby the

recursion in (13) with the initial state given bj. This leads
to the optimal DP solution of the MDOS problem.

C. Dynamic Programming Solution for the n-m
Summarization Problem

pointers £, similar to the Viterbi algorithm [23],
Iip—4 = argmin{ Dy}
Iy
|O = 1-

I
=R,

for tO[L,m-2] ann

As an illustrative example, the distortion statdlis for n=5
andm=3 is shown in Fig. 1. Each node represents a distort
stateD{, and each edge® represents the distortion reduction
if frame f, is selected into the summary which ended with
frame f. Note that the trellis topology is completely
determined byn andm. According to Fig. 1, nod®," is not
included, sincem=3 thereforef, (the last frame in the
sequence) cannot be the second frame in the summary

5 DP trellis: n=56 m=3

D3

5 I I
0 1

epoch t
Fig. 1. DP trellis example for n=5, m=3.

Once the distortion state trellis and back pointars
computed recursively according to Egs. (13) —(ithe
optimal frame selection can be found by Eqgs. (16) €L7).
The number of nodes at every epdef, or the depth of the
trellis, isn-m+1, and we therefore have a total Iof(m-1)(n-
m+1) nodes in thex-mtrellis that need to be evaluated.

D. Skip Constraint

The frame skip constraint in summarization is airdbte
feature. It limits the maximum number of framesttban be
skipped between any two summary frames and carsée to
ensure certain degree of temporal smoothness irvitlen
summary playback. When the maximum frame skip caimit
Kmax is imposed in the summary as in (5), the DP #elli
topology is affected. AK.xis becoming smaller, the number
of nodes and edges is also decreasing, which seisulower

Considering thea-m summarization problem case where theomputational complexity. The resulting solutionaptimal

rate constraint is given as exactty frames allowed for the

subject to the skip constraint, but clearly the ultisy

summary out ofi frames in the original sequence, the optimadistortion is larger (at best equal) to the distortresulting

solution has the minimum distortion of
D’ = min{Dp}, (16)

where k is chosen from all feasible frames for theth

from the MDOS formulation without the skip consttain Eq.
(4).

The new DP trellis with the skip constraint is dietbas an
(n-m-K,ay trellis and is completely determined by theseehr

summary frame. The optimal summary frame selectiQfarameters. From each node, the feasible out-gaiggs are
{lols,....ln1} is therefore found by backtracking via the bacKimited by K., in addition to then-m trellis constraint. The
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values ofK,ax are in the rangel] n-m+J. Example trellises

for n=9, m=3are shown in Fig. 2.

DP trellis: =9 m=4 max skip=1

frame k

frame k

DP trellis: =9 m=4 max skip=2

0 1 2 3
epoch t

DP trellis: =9 m=4 max skip=3

frame k

IS

frame k

epoch t

DP trellis: =9 m=4 max skip=4

1 2 3

number of edge evaluations
©

x10

T T
— R=1/2

nNR

40 60 80 100 120 140 160 180 200

epoch t epoch t

Figure 2. Example DP trellises with various skipstaints

When the maximum skip constraint is not active, or (10’
equivalently wherK,ax > n-m+1, there aren-m+1 edges from — s
stage 0 to stage 1, antk+2+...+ (n-m+1) edges for the o |2 Mo

remaining stages. The resulting total number ofesdds
therefore given by,
E(n,m)=2(n-m+1)+

(m=-2)(n-m+1)(n-m+2) >

2

or equivalently with rat&=m/n we have,
E(n,R)=2(n-Rn+1)

+ (Rn=2)(n-Rn+1)(n-Rn+2)

2 (19) il

[RA-R)?n®+ (7R-7R? - 2)n?

(18)

number of edge evaluations
©

N |

I L L L
20 40 60 80 100 120 140 160 180 200

+ (9R-6)n+6] n

For a given R, the computational complexity for the
evaluation of edges grows with the problem sizas O¢). (b)
E(n,R)is shown in Fig. 3a for various valuesRandn. The Fig. 3. Computation complexity of the DP solutioa a function of the

! . T o number of frames and (a) rate; (b) the maximum skip constraint

effect of the skip constraint on the number of edgaluation
for the MDOS problems for a fixed raR=0.5 and variable
sizen is shown in Fig. 3b. Notice that for largeand small
values of the maximum skip constraint, the reduciio the
computational complexity becomes significant.

For a given raten, the implicit maximum skip constraint is
Kmax=n-m, which is imposed by the topology of a folm DP

IV. SOLUTION OF THEMROSFORMULATION

For the MROS formulation (6), we minimize the temrgdo
rate of the video summary, or select the smallesiber of
frames possible that satisfy the distortion comstra here are
two approaches to obtain the optimal solution. Adow to
trellis. On the other hand, K, is smaller tham/m, the DP the first one, the optimal solution results frora thodification

. 1 max H ”
trellis will not be able to consider al frames into the ,Of the EP aggc()jrltt)hmrgr ':he er]DOS probblemf. The EFemsd.
optimization. Therefore foK,. to be meaningful, it should is not bounded by the, (lengt or qum er ot epoc S)’, and its
belong to the rangen[m, n-m+1. This can be a rather wide depﬂg equal tor(-m-+1),- anymore, !t is actually a tree V\."th root
range depending on the values rofand m  Although no atD; and expanding in the x ngrid. The only constraints for

specific guidelines are provided for the choiceKafy, its the fra”me selegtlon process are the “no look bautd “no
value in general should be closemion rather tham-m+1, in repeat” constraints. The algorithm performs a Biedeirst

order to address both benefits of reduced compuiztiioad Segr(?h (BFS) on thls tree anql stops. at the firstenthat
and smoothness in the resulting summary. satisfies the distortion constraint, which therefdmras the

minimum depth, or the minimum temporal rate. The
computational complexity of this algorithm grows
exponentially and it is not practical for largeesfzroblems.

To address the computational complexity issue effitst
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algorithm, we propose a second algorithm that ge8an the
DP algorithm for the solution of the MDOS formutati Since
we have the optimal solution to the MDOS problend ave

observe that feasible rate$/fi, 2/n, ... n/hare discrete and
finite, we can solve the MROS problem by searchimgugh

all feasible rates, and for each feasible Rten/n solve the
MDOS problem to obtain the minimum distorti@n(R). The

operationalrate-distortion function D'(R) resulting from the
MDOS optimization is given by,

n-1
min - @/n)> d(f;.f;"),
j=0

vlarn I

D'(R)=D"(m/n) = | (20)

that is, it represents the minimum distortion cepanding to
the ratem/n An example of this function is shown in Fig. 4.

35

average distortion

. . . . . . . 1
0 0.1 0.2 03 0.4 05 0.6 0.7 0.8 0.9 1
temp rate m/n

Fig. 4. An example of the operational rate-disborfunction

If the resulting distortionD'(R) satisfies the MROS
distortion constraint, the rafis labeled asddmissiblé. The
optimal solution to the MROS problem is therefotee t
minimum rate among all admissible rates. Therefdhe
MROS problem with distortion constraibt,.is solved by,

mn R, st.D"(R) < D,y (21)
R ™t

The minimization process is over all feasible raf€ke
solution to (21) can be found in a more efficiergywsince
that the rate-distortion function is a non-incragsiunction of
m, that is,

Lemmal:

D' (m/n)< D (my/n),if m>m,, for m,m,0[Ln]
Proof: If we prove thaD"(m+1/n)< D" (m/n )then since

we have thatD"(m/n)< D" (m-1/n)---<D"(1/n ) Lemma

generated with resulting distortion
D =D (m/n)=d(f, ,f, ). Since d(f, ,f,4)= Q we

have D'V <D"(m/n). Since the resultingm+1 frame
summary (with the inclusion of framé _;) is not necessarily

optimal, we have th@"(m+1/n)<D"* <D"(m/n .)

Lemma 1 is quite intuitive, since adding a framethe
summary always reduces, or at least keeps thetirgsul
distortion the same. Also because the operatioisibrtion-
rate functionD (m/n) is a discrete and non-increasing function
as established in Lemma 1, the MROS problem in ¢2h)be
solved efficiently by a bi-section search [3] be D*(m/n).

The algorithm starts with an initial rate bracké&tRp=1/n
and R,=n/n, and computes its associated initial distortion
bracket of D,=D"(R,), and Dy,=D"(R,). If the MROS
distortion constrainD,,.x > Dy, then the optimal rate i/n.
Otherwise we select a middle rate poiMRe, =
|(Ry +Ry)/2|, compute its associated distorti@ (Rncy),

and find the new rate and distortion bracket byaspg either
the R, or the R, point with R,,, such that the distortion
constraint D, is within the new distortion bracket. The
process is repeated until the rate bracket conserge,
R,=m'/n, R,=(m -1)/n, for somem . At this point the optimal
rate is found asR=m’/n, and the optimal solution to the
MROS problem is the solution of them summarization
problem as discussed in Section IlIC. The computati
complexity of the bi-section search algorithm Gglog(n))
times the complexity of the DI®m summarization algorithm.

V. EXPERIMENTAL RESULTS

A. Frame Distortion Metric

The rate-distortion optimal summarization formuatiwe
developed does not depend on a specific frame rtigsto
metric. This offers additional flexibility in summaation
solutions. However, an effective and computatignafficient
frame distortion metric is also essential to thecsss of the
summarization algorithm.

There are a number of ways to compute the frantertlian
d(f;,fy). The Mean Squared Error (MSE) has been widely

used in image processing. However, it is well-kndahat the
MSE type metric does not represent well the visuallity of
the results. For example, a simple one-pixel tediti of a
frame with complex texture will result in a large SH,

1 is true. LeD (m/n) be the minimum distortion introduced by although the perceptual distortion is negligibl@efe is work
the optimalm-frame summary solutioh’= {0, , Iz, ..., i}, in the literature addressing the perceptual quasityes, (for
for somel<m<n. Sincem<n, there exists ah such that the example, [9] and others), however such works atkessing
previous frame to framd, , i.e., f, _; (clearly between frames primarily the distortion between an image and itmrgized
versions.

The color histogram-based distance is also a poghlaice
frame f,_, were to be included in the summary, a newps), but it may not perform well either, since dbes not
reflect changes in the layout and orientation ohges. For
example, if a large red ball is moving in a greackyround,

f,_ and f, ) does not belong to the summary solution If

summary with frame selectiomy=L" O{f 4} would be
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even though there are a lot of “changes”, the chistogram
will stay relatively constant.

In our previous work on heuristic summarization][18e
adopted a frame distortion metric that is basetherweighted
sum of color change and motion activity. The calbange is
computed from the MPEG-7 color layout feature [28hich
not only account for color distribution in YCbCrlop space,
but also the layout, or the spatial distributioncolor. This
addresses a problem of histogram-based color f=atdrhe
motion activity [10] is computed from the varianoé the
magnitude of the motion vectors between frames. rElsalts
are satisfactory in general, but the computationmaftion
activity is quite expensive.

For a summarization frame distortion metric thélers the
human perception well while can be computed effittye we

developed a metric that is based on the scale amd ushown as a frame-by-frame distance pify, fy_;

o TTTTT???‘?QO o o o A N " n
o 5 10 15

Figure 5. Eigen values resulting from scaling a@d\P

Experimental results with this frame distortion rieetare
in)the

preference. The scaMiH is the spatial resolution at which upper plot in Fig. 6 for the “foreman” sequenceséems to

we want to differentiate frames. Video frames arst 6caled

reflect well the perceptual change of the sequesicee for

into smaller sizes oiWxH, for e.g., 8x6, 12x9 or 16x12. The the “foreman” sequence, frames 1-200 contain dnglkead

benefit of this scaling process is to reduce noeas local
variances. In our simulation we use both the 8x@ &hx9
scales. The latter can be obtained in a very fast fnom the
compressed QCIF size sequences by extracting the
components.

After scaling, video frames are projected througimd®al
Component Analysis (PCA) to a linear subspacephegerves
most information while further reduces the featdi@ension
for easier manipulation. The PCA transfofims found by
diagonalizing the covariance matrix of the fram&&][16],
and selecting the desired number of dimensions Wit
largest eigen-values. The frame distortion is tozee
computed as the weighted Euclidean distance between

with little visual changes, therefore the frameflame
distortion remains low for this period. There ikand waving
occluding the face around frames 253-259, thus waeeh

Bpikes corresponding to these frames. There isctimera

panning motion around frames 274-320, thus we Hagh
values ind( f,, f,_, )for this time period. In the lower plot of

Fig. 6, the frame-by-frame distortion is plottedr fthe
“mother-daughter” sequence, which is a lower-aftivi
sequence compared with the “foreman” sequence. g izl
reflected by the overall lower values in the frabyeframe
plot. Similar interpretation of events can alsoftnend in this
example; for example, there is a spike around feaB& 72,
which corresponds to the mother touching her dautghbair.

frames in the PCA subspace, where weight reflestsr UThe PCA space Euclidean distance metric has peefbrm

preference, and is given by,
d(F5, ) =NT (St (F5)) = T (S (F )
V=ATA

In Eq. (22),Swvxn denotes the scaling operatidnis the PCA

(22)

transform. The weigh¥/ is obtained from user preference,

which can also expressed as another linear projeatiWhen
large amount of labeled video frames are availatale,
supervised learning process like Fisher Discrimirfamalysis
(FDA) can be applied to learn the projectian

In our experiment we collected 3200 frames fromiowe
video clips for the PCA. The resulting eigen-valoéthe PCA
for the 8x6 scale are plotted in Fig. 5. Noticattimost of the
energy is captured by the bases correspondinget8 fargest
eigen-values. Therefore our adopted PCA transfoatrixnT
has dimension 8 by 48. Since we don't have anyepeate at
this time, so the weights are uniform.

better than any other metric we tried and similéolyhe color
change and motion activity based metric developed 3], at
a lower computational cost.
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Figure 6. Frame-by-frame distortiaify, fx-1) plot for the sample sequences.

From this experiment it is clear that the metrindiion in
(22) is fairly accurate in depicting the distorticr the
dissimilarity of different frames. The computatiaf this
metric does not involve motion estimation. For coessed
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sequences, the scaling can be down efficiently feainacting
DC values. Overall the computation is moderate.

B. Simulation Results

We tested the proposed DP algorithm with and wittsip
constraints, as well as the Greedy algorithm deedriin
Section IlIA, and the content blind equal samplaadution on
the “foreman” sequence. For the segment with20 frames
(frames 150-269), the MDOS optimal video summagmie
selections and resulting sequence distortions lateed in Fig.
7. The rate constraint iR(S=0.2, with the number of
summary frames given as=24.

In Fig. 7a, the results from the equal samplingitsah are
shown. The upper plot is the summary frame selegilotted
as vertical lines against the dotted curve of theé-by-frame

distortion d(fy, fk..), which gives an indication of the activity -

within the sequence. Notice that the distortiorhigh in the
high activity region around frame number 100, sirthe
selection is content-blind. The bottom plot shows tper

frame distortiond(f,, f'), between the original sequence anc

the reconstructed sequence from the video sumnimg.
corresponding two plots obtained by the applicatidnthe
Greedy algorithm are plotted in Fig. 7b. The sunynfeames
are concentrated around the high activity regiothis case.
This solution does adapt to the content, butatigiously sub-
optimal.
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Figure 7. Summaries generated for the “foremantuieege segment (frames
150-269)

The results from the application of the optimal DP
algorithm without the skip constraint are plottad-ig. 7c. For
the given frame budget ohm=24, this solution offers the
minimum distortion. Notice that the summary fraraes rather
evenly distributed but more frames are selectenh fitee high
activity region. Fig. 7d shows the optimal solutigith a
maximum frame skip constraint equal to 8. The $ofuis
very similar to the solution in Fig 7c, but the tdigion
incurred is slightly larger than that of the optinsalution
without the skip constraint.

It is clear that the optimal algorithm performstbethan the
heuristic solutions for the same temporal rate waitg. We
tested the proposed algorithms with a number ofiseces.
The distortion performances for the “foreman” seawae
frames 150-269, and the “flower” sequence framesl 39
both for a matched rate 8=0.2, are summarized in Tables 1
and 2 respectively. In addition to the average¢odi®n the
maximum frame distortion is shown, as well as ttendard
deviation of the frame distortions. Besides minimigz the
average distortion, the DP based solutions alsailtres
smaller maximum distortion and standard deviatidnthe
distortion.
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TABLE |
DISTORTION PERFORMANCE FOR THE'FOREMAN" SEQUENCE N=120,mM=24,
AND MAX SKIP=8.

Algorithm Distortion Distortion Distortion
(Avg) (Max) (Std)
Greedy 53.70 113.00 39.38
Equal 19.48 116.00 22.01
DP 14.53 50.00 11.16
DP+Skip 14.98 75.00 13.21
TABLE Il

DISTORTION PERFORMANCE FOR THE'FLOWER' SEQUENCE N=120,mM=24,
AND MAX SKIP=8.

Algorithm Distortion Distortion Distortion
(Avg) (Max) (Std)
Greedy 86.62 217.00 70.51
Equal 16.18 94.00 18.24
DP 12.96 40.00 10.56
DP+Skip 12.98 50.00 11.28

We also obtained summarization results for the san
sequence at different rates. The summarizatiantsefor the
200-frame “foreman” sequence segment between fraibés
299 at summarization rates equal to 0.05, 0.1a0620.4 are
plotted in Figs. 8a, 8b, 8c, and 8d, respectivelg. expected,
as the summarization rate goes up, the summarnizati

distortion goes down.

TABLE Il

DISTORTION PERFORMANCE FOR THEFOREMAN’ SEQUENCE N=200,AT
DIFFERENT RATES

RS Distortion Distortion Distortion
(Avg) (Max) (Std)
0.05 56.46 330.60 50.93
0.1 34.95 155.02 26.80
0.2 18.50 81.35 16.17
0.4 7.40 29.53 7.80

The resulting distortion statistics are shown iml€a3. The
above summaries clips compressed with a H.263 y&#jo
coder are also available upon request from intedestaders.

ddf fir)

d(f,, f)

ddf fir)

>
=3
T

ddf. f-p)

d(f, f,

100

80

200

150

100

50

summary frames

S N

20 40 60 80 00 120 140 160 180 200
summary distortion

. . . .
20 40 60 80 100 120 140 160 180 200
(a) m=10

summary frames

Sy {IHI‘

20 40 60 80 100 120 140 160 180 200

summary distortion

20 40 60 80 100 120 140 160 180 200
(b) m=20

summary frames

o o mlll“mlm

20 40 60 80 100 120 140 160 180 200

summary distortion

180 200



TIP-00831-2004.R2

summary frames
100

80

'“:,(' 60
g a0-
| il i
rnl e v Lot e oo ol (1138
0 20 40 60 80 100 120 140 160 180 200
summary distortion
30 T T T
251 4
_20p =
:: 15+
= 10f
5
% 2 20 P a0 100 120 140 160 180 200
(d) m=80

Figure 8. Summarization results at different rateels for a segment of the

“foreman” sequence.
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[10]

[11]

Overall the DP based algorithms produce recongduct[12]
sequences that degrade gracefully as the tempaa r
. ‘ . - [13]
decreases. Imposing a skip constraint makes theovid
summary smoother and at the same time reduces the
computational complexity. The computational comijtiex [14]

involved is moderate and can be optimized for kaftHine
summarization and on-line video trans-coding intmsaries.

VI.

In this paper we proposed a rate-distortion optiin
framework for the optimal video summary generapooblem.
We introduced a new frame distortion metric thavédl suited
for video summarization. A recursive distortionatet
transition is found based on which a dynamic progning
solution is developed to solve the minimum distortoptimal

CONCLUSION AND FUTURE WORKS

summarization (MDOS) formulation. A bi-section sgar

solution is developed to solve the minimum rateirogk
summarization (MROS) formulation. The effectivene$she
developed framework is demonstrated via simulations

We are currently investigating the optimal codirmglgem
in conjunction with the optimal summarization predol A
strategy is being developed for the optimal codifig video
sequence with control of both the temporal andigp@SNR)
distortion trade-off.
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