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ABSTRACT camera and object motions. Camera motion detection has

There is a need to analyze motions in video sequences tobeen investigated using motion vectors computed by optical
characterize them sinamotionis a representative feature flow or MPEG macro block compensation [3, 4]. Object mo-
that distinguishes videos from other multimedia. However, tion detection in video sequences with fixed or moving cam-
the existing approaches can only provide very preliminary era has been studied using Bayes decision test, Gaussianity
classification of motions. To support in-depth measurement detection test, multiscale Markov random fields or morpho-
of various motions, we need to distinguish the different mo- logical filtering [5, 6]. The overall motions are manipulated
tions generated by the different sources. In this paper, we for content analyzing and indexing purposes in the existing
explicitly distinguish camera and object motions in a shot. techniques [7, 8, 9, 3, 10, 11, 12]. To determine the mo-
In addition to distinguishing motions themselves, we pro- tion activity level of video segments, they are using a com-
pose new techniques to measure not @mhountut alsodi- bination of image and audio features [7], a mode of motion
rection of each motion distinguished, and express them into vector magnitudes [8], a tangent distance between consecu-
comparable forms. Our preliminary experimental studies in- tive frames [9], mean, variance and median of motion vector

dicate that the proposed techniques are promising. magnitudes [10], or tensor applied to a video sequence repre-
sented as a 3D volume with one temporal (z) and two spatial

KEY WORDS (x,y) coordinates [11, 12].

Image Processing and applications, Video Processing, Cam- However, the existing approaches can only provide

era and object motion detection, MPEG Video. very preliminary classification of motions. To support in-

depth classification of various motions, we need to dis-
tinguish the different motions generated by the different
sources. In this paper, we explicitly distinguish camera and

i _ . object(s) motions in a shot. In addition to distinguishing mo-
With the expansion of software and hardware technologies tjong themselves, we propose new techniques to measure not

for data compression, storage devices and communication o1 amountout alsodirectionof each motion distinguished,
networks, video media, has become an integral part of many 4,4 express them into comparable forms.

applications in the fields including education, entertainment, The main contributions of the proposed techniques can
business and medicine [1]. These have spurred the demand,s s;mmarized as follows.

for the researches about content analyzing and indexing of ) i i
videos which are essential for effective browsing, retrieving, ~ ® The proposed technique to compute various motions

1 Introduction

filtering, and summarizing [2, 1]. Analyzing and indexing is very cost-effective because it uses the motion vec-
video data, however, are very complex due to the enormous ~ (OrS previously computed when the video was made in
size of video files and their semantically rich and unstruc- MPEG format.

tured contents. The first step managing video data, therefore, ¢ \We present various motions using two-dimensional ma-
is to segment automatically each video stream into a set of trices. They are showing not only the amounts of mo-

basic units which are relevant to the structure of the video. tions but also the direction of them. Therefore, we
In general, the most widely used basic unit shatwhich is can get more accurate and richer information of motion
defined as collections of frames recorded from a single cam- contents of shot.

era operation. For shot characterization, we extract various

features of video contents such as color, object, motion, etc. ® Because the proposed matrix comparison algorithm is
from decomposed shots. very efficient and scalable, it can provide various ranges

of clustering [13, 14, 15] for shots which is essen-
tial tool for content analyzing, indexing, browsing, and
querying of video data.

Among these featuresnotion defined as the tempo-
ral intensity change between successive frames, is a unique
character that distinguishes videos from other multimedia
(i.e., image or audio). The motions in a video sequence are The remainder of this paper is organized as follows. In
caused by two different sources which are camera and ob- Section 2, we describe an algorithm to detect camera mo-
ject(s). In other words, these motions can be divided into tion changes, and a technique for automatic measurement of



various motions. The experimental results are discussed in kth frame (k+1)h frame

Section 3. Finally, we give our concluding remarks in Sec-
tion 4. mvx,
P’ (u, v)
2 Motion Feature Extraction m"yku{
: : e *P(xy)
In this section, we explicitly distinguish camera and ob-

ject(s) motions in a shot. In addition to distinguishing mo-

tions themselves, we propose new techniques to measure not Figure 2. Motion Vector Calculation
only amountbut alsodirectionof each motion distinguished,

and express them into comparable forms.

2.1 Detection of Camera Motion Changes MmUYy, MUY, MUYs .. MUYt
mogky moyky movky . omuidi | g

We present a technique to detect the exact camera motion

changes for each frame in a shot. In a MPEG video, each mvy§,1 mvy§,2 mvy§,3 m”y§,1o

frame consists of a number of (i.&() x 8 in our case) mac-

roblocks as shown in Figure 1. Each macroblock consists of

16 x 15 pixels.

The affine model [3] is employed to compute camera
motions from thesenwvs for the following considerations
even if there are more accurate models of higher order. First,

1w (160 et the affine model is more resilient to the noisy and sparse mo-
e > tion vectors. Second, we only need to compute the camera
el ja 16P0xels motion values of pan, tilt, rotation and zoom as shown in
\ Figure 3 for analyzing different types of motions to be used
o os N in content-based indexing.
Pixels) Pixels In the affine motion model, the motion vectar, ) of
\ a macroblock located at position,(y) is expressed as

-
/
’

Macroblock

()= () () (o) o

Figure 1. A Frame and its Macroblocks

whereVU (= ay, as, as, ay, as, ag) is the parameter vector es-
timated from the motion vectors of the underlying frame by
Each macroblock is associated withnaotion vector using the Gauss Elimination (GE) method [3]. After the esti-
(mv). The motion vector is extracted from a pair of consecu- mation of theparameter vectgrwe can exploit this informa-
tive frames. The motion vector represents the displacementtion for camera motion characterization aimed at detection
of macroblock between two consecutive frames as shown in of the predefined classes of camera motion. The parame-
Figure 2. Here the poim which is a center of macroblock  ters can be expressed in another basis of elementary fields as
is moving from framek to framek+1. The motion vector in [4, 16], which are more directly related to the physically
is represented as an arrow starting from its initial position meaningful camera motion as follows.
(P) in framek and ending at the final position (p’) in frame
k+1. The displacement is given byapx, mvy) of the points pan =ay, tilt = a4
between two frames (see Figure 2). For calculating the cam-
era motions, we need to extract this motion vector for all the
macroblocks in the frames (see Equations (1) and (2)). TheseThese terms of the transformexrameter vectomamely

mgtllzocrj \\//izctors r;tre <;;-1]Ire2|1d3éI pr?r?er:;l in th:1 v;iciiovbe::iirus?r;Tepan tilt, div androt represent each component of the mo-
€0s are encoded using these motion Vectors. ThiS,n yector induced by camera operation of pan (or hor-

can save a significant computation. izontal tracking), tilt (or vertical tracking), zoom (or for-
ward/backward tracking), and rotation, respectively.

The overall procedure of the proposed technique to de-
tect camera motions consists of the following steps.

1 1
div = g X (ag +ag), rot= 3 X (a5 —a3) (4)

muzy mvx’f,Q mvglclf3 mvx’f’lo
(1) 1. From the motion vectors which are seen in Equation
. (1) extracted from a frame pair, thrééost Dominant
muxf, mwaf, mozfs .. mwaf Motion Vector (MDMV3 are selected. AI/DMV is

mvx%l mozs, mork, . mvx’ilo
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Figure 3. Pan, Tilt, Rotation and Zoom

defined as a most frequently occurred. If we as-
sume that the selectddDMVs aremuvz; j, mvzy j,
muxz;» >, We can have the correspondingvy; ;,
muy s, muy; 5> from Equation (2).

. Since the degrees of dominance for thBHeMVs are
different from each other, theIDMVs are normalized
with the different weightsy;, w2, w3) as follows.

mux; ; = mux; ; X wi, MUY;; = MuY; ; X wi,
MUT; 7 = MUTy 1 X Wa, MUY 7 = MUYy 5 X Wa,
MUTy j7 = MUTy 7 X W3, MUY 7 = MY » X ws,
Number of the first MDMV

where wi = Number of Total MVs
_ Number of the second MDMYV
w2 Number of Total MV s ’
. — Number of the third MDMYV
3 =

Number of Total MV s

. From these threBIDMVs which are ooz; ;, moy; ;).
(Mo j7, Moy ;) and oz 7, muy; j»), We can
compute three displacement coordinates such as ((x, y),
(u, v)), (X, y), (U, v1)) and ((x", y"), (u", v")) since

we already know the coordinates of (x, y), (X', y') and
'\,

. From these three displacement coordinates, we com-
puteV (ay, as, as, ay, as andag) using Equation (3).

. Using these parameteds, as, as, a4, a5 andag) com-
puted in the previous step and Equation (4), we com-
putepan tilt, div androt values.

. The signs of theoan andtilt indicate the directions of
camera motions. If a value g@lanis positive, the cam-

era motion is towardsight. Otherwise, it is towards

left. If a value oftilt is positive, the camera motion is
upward Otherwise, it idownward

. For each pair of frames in a shot, we computepbg
tilt, rot anddiv values. Letpy, tx, r, andd; represent

thepan tilt, rot anddiv calculated for the: andk + 1
frame. Since we assume that a shot has a single cam-
era motion, we return the average pan, tilt, rot and div
values as the camera motion for a shot witframes.

n—1 n—1 n—1 n—1
P=Y P b= th, T=Y 1, d=Y di (5)
k=0 k=0 k=0 k=0

2.2 Computation of TM, OM and CM

In this subsection, we describe a technique for automatic
measurement of the overall motions in not only two con-
secutive frames but also whole shot which is a collection of
frames. As a result, accumulated motions of shot are repre-
sented as dwo dimensional matrix

This two dimensional matrixvich is calledTotal Mo-
tion Matirx (TMM) for a shotA with n frames is computed
using the following algorithm.

e Step.X Two empty two dimensional matrices (having
size (10 x 8) same as that of motion vector matrix) are
created and their elements are all initialized with zeros.

e Step.2 These two matricesI{M M X for x-axis and
TMMY fory-axis) form the two components dbtal
Motion Matrix (I'M M), and can be seen as follows.

ari i ary2 ari,3 ... axi 1o
ar axr axr axl
TMMXA _ 2,1 2,2 2,3 2,10
arg 1 arg2 args .. Ay 10
(6)
ayi1r ayi2 ayis ... ayYi1o0
a a a e a
TMMYA _ Y2,1 Y2,2 Y2.3 Y2,10
ays,1 ays2 aysgs ... AayYsio
(7

whereaz; ; anday; ; are the horizontal and the verti-
cal total motion matrix components of the shot for the



macroblocks in the same position, and can be computed
as follows.

n—1 n—1
k k
ar;; = E muzy s, ayig = E mvy; ; (8)
k=0 k=0

Now, we computeObject Motion Matrix (OMM)us-
ing the similar technique used for computiig/ M in the
above. Similarly as in the result of the computation
TMM, the OM M of shot is represented astwo dimen-
sional matrix The Object Motion Matirx (OMM)for a shot
A with n frames is computed using the following algorithm.

of

e Step.l Two empty two dimensional matrices (having
size (10 x 8) same as that of motion vector matrix) are
created and their elements are all initialized with zeros.

Step.2 These two matrice§{M M X for x-axis and
OMMY for y-axis) form the two components @b-
ject Motion Matrix (OM M), and can be seen as fol-

lows.
bIl,l bILz bl”l,3 b$1,10
OMMX 4 = 5152,1 b$2,2 arz 3 bl'2,10
brg1 brgs brss bxs 10
()]
byi1 byi2 byis by1,10
OMMY, — by21 by22 byzs by2,10
bysa bys2 byss bys, 10
(10)

wherebz; ; andby; ; are the horizontal and the vertical
object motion matrix components of the shot for the
macroblocks in the same position, and can be computed

as follows.
n—1
br;; = Z(mvxﬁj — P — COST),
k=0
n—1
by, ; = Z(mvyf’j —t—sinT) (11)
k=0

The above equations compute the object motion by
compensating camera motions from overall motion.
The ‘zoom’ camera operation is not included for the
computation since it is considered as a special case.

We compute”' M M 4 (Camera Motion Matrix) by sub-
tractingOM M 4 from T M M 4 as follows (see, Equations
(12) and (13)) By doing this, we can distinguish the motions
caused by objects movements and camera operations.

CMMX4 =

aryl — bxm
ar21 — bafg,l

ary 2 — b$172
arz o — bl‘272

ar1,10 — bx110
ar 10 — 5332,10

(12)

arg1 —brg1 argz — brgo arg 10 — bxs,10

CMMY, =
ayii — bym ayi,2 — by172 ay1,10 — byl,lo
ayz1 — by2,1 ayz2 — by2,2

ay2,10 — by2,10 (13)

ays,1 —bys;1  ays 2 — bys o ays,10 — bys,10

From the above three matrices, we compute three dif-
ferent motion featuresi(M, OM and C' M) using the fol-
lowing simple formulas.

8 10
TMXA = ZZGQEU,

i=1 j=1

8 10
OMXA = Zsz”’

i=1 j=1
8 10

CMX, = Z Z(al'ij — bx;) (14)

i=1j=1

8 10
OMYy = Zzbym
i=1j=1
8 10 ’
CMY, = ZZ(@@/Z—J— - byij) (15)

i=1 j=1

8 10
TMYA = ZZayij,

i=1 j=1

Thus by using these computations B X, TMY,
OMX,0MY,CMX andCMY, we can also get the di-
rections of motion by taking into consideration the signs of
those features. These six values are the motions features in-
dicating the amounts and the directions of various motions
in a shot.

3 Experimental Results

Our experiments in this paper were designed to assess the ef-
fectiveness of the proposed algorithms to detect camera mo-
tions and to measure total, object and camera motions. Our
video clips were originally digitized in MPEG format at 30
frames/second. Their resolutionli60 x 120 pixels. Our test

set has 192 shots which consist of total 64,350 frames, and
consists of documentaries and test videos made by us using
two people as objects. They have various camera motions
and object movements. As shown in Table 1, we classify
these shots into 13 categories on basis of the camera and the
object motions present in the shots. We discuss our perfor-
mance results as follows.

Since the general concepts ‘recall’ and ‘precision’ are
not applicable, we measure the performance of our cam-
era motion detection technique using tt@rect detection
rate(CDR)which is in the interval of [0,1], and defined as
follows.

Correct Detection Rate =
Number of shots correctly detected

Total Number of relevant shots in database

The experimental results for camera motion detection are
summarized in Table 2. The descriptions of the first row



Category
No.

Category Description

1

No Camera Motion and No Object Motion

2

No Camera Motion and Object Moving Left

No Camera Motion and Object Moving Right

Camera Pan Left and No Object Motion

Camera Pan Left and Object Moving Left

Camera Pan Right and No Object Motion

and the eighth columns show the amounts and the directions
of object motions QM's). Similar asC M X's andCMY's,
OMXs andOMY's show the amounts and the directions
of object motions. For example, the values(@#/ X's and
OMY's for the categories 1, 4, 6, 8, and 10 are negligible,
which indicates that there is no object motion in these cat-
egories. The values aDM Xs andOMY's for the other
categories (2, 3, 5, 7, 9, and 11) show the amount and the
directions of the object motions, moving left, right, up and
down. The total motion M) which is combination of the
object and the camera motions can be seen in the ninth and
the tenth rows. The values of the categories for 12 and 13

indicate that our technique can also distinguish two camera
motions which are zoom out and in.

7 Camera Pan Right and Object Moving Right
8 Camera Tilt Up and No Object Motion
4 Concluding Remarks
9 Camera Tilt Up and Object Moving Up
10 Camera Tilt Down and NO Object Motion For automatic an_d accurate content-bas_ed ana_llyzmg and in-
dexing of digital videos, we need to classify motions whether
11 Camera Tilt Down and Object Moving Down they come from camera or object(s) movements. In this
paper, we first, measure overall motion and detect camera
12 Camera Zoom out motion changes in a shot, then distinguish object and cam-
, era motions from overall motions using the proposed tech-
13 Camera Zoom in

nigues. The main contributions of the proposed techniques
can be summarized as follows. The techniques to com-
Table 1. Categories of Video Shots present in Database Pute 7'M or OM are very cost-effective because they use
accumulation of quantized pixel differences, and expensive
computation (i.e., optical flow) is not necessary. The ma-
trices representing’M andOM are showing not only the
(Category) in the table can be found in Table 1. The sec- amounts of motions but also the exact locations of motions
ond row is showing the total number of shots for each cate- without any overhead. Therefore, we can get more accurate
gory. The third and the fourth rows indicate the number of and richer information of motion contents of shot in an in-
correctly detected shots for each category in term of camera expensive way. Because we extract and use various motion
motions, and their ratios (CDRs) respectively. As seen in features from shots, numerous ranges of hierarchical cluster-
this table, the CDRs for the shots in the categories such as 1,ing can be provided for shots, which are essential for content
4, 6, 8 and 10 in which there is no object motions are perfect analyzing, indexing, browsing, and querying of video data.
(100%). The CDRs for the shots in the other categories such We will investigate this hierarchical clustering in near fu-
as2,3,5,7,9, 11, 12 and 13 are a little less than perfect. Weture. Although our experimental data set has very limited
found that the incorrectly detected shots have usually very number of shots, the results are showing that the proposed
large object(s). We will investigate how to distinguish these techniques are effective in capturing different motions and
incorrect cases. The overall average of CDRs is acceptablecomparing shots based on them. We will perform further
(84%). experiments in the future to study the effectiveness of the
The fifth through the tenth rows in Table 2 shows the Proposed techniques when they are applied to various kinds
experimental results of measuring the amount and the direc- Of different videos.
tion for the various motions such as camera moticii{),
object motion QM) and total motion"M). The fifth and
the sixth columns show the amounts and the directions of References
camera motions({M's). The numbers show the exact cam-
era motion contents described in Table 1. For example, the [1] R. Jain. Content-based multimedia information man-
values ofCM X's andC' MY 's for the categories 1, 2, and 3 agement. IfProc. of 14th Int’l Conf. on Data Engineer-
are negligible, which indicates that there is no camera mo- ing, pages 252-253, Orlando, Florida, February 1998.
tion in these categories. The values(od/ Xs andCMY's
for the other categories (4 through 11) show the amount and [2] P. Aigrain, H. Zhang, and D. Petkovic. Content-based
the directions of the camera motions, pan left (Categories 4 representation and retrieval of visual media : A state-
and 5), pan right (Categories 6 and 7), tilt up (Categories 8 of-the art review.Multimedia Tools and Applications
and 9), and tilt down (Categories 10 and 11). The seventh 3:179-202, 1996.




(3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

Category

10 11 12 13 Total

Total

Shots 12

17 15 15 15 18 19

17 16 18 18 192

Correctly
Detected
Shots

12 13 10 15 13 i8 14

17 16 14 13 162

CDR 1.0 0.77 0.67 0.87 1.0

0.74
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