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Abstract: In this report, an simple and new estimator is developed for the tilt angle
of the rotation axis of a rigid object that is illuminated by a point light source. The tilt
angle defines the orientation of the 2D projection of the 3D object unit rotation axis in
the image plane. The angle is one of the 6 degrees of freedom of 3D rigid motion. It
is analytically shown that the tilt angle can be estimated just by exploiting the error of
motion compensation between two images due to object shading. Required input data are
a dense displacement vector field for motion compensation and a 2D binary object mask.
The estimator assumes rigid, Lambertian objects with equally distributed surface normals as
well as a scene illumination by a distant point light source and ambient light. Experiments
with head-and-shoulder video sequences yield qualitatively good results that are derived
fully automatically. A performance analysis shows that the estimator works best if light
comes from viewing direction. Finally, an application to video indexing shows that head-
and-shoulder sequences can be fully automatically segmented into temporal segments of
homogeneous object motion. A demo can be found at http://www.irisa.fr /temics/Demos.
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Axe de rotation d’objet & partir de 'ombrage

Résumé : Ce rapport présente une nouvelle méthode simple permettant ’estimation de la
projection dans le plan image de ’axe de rotation 3D d’un objet rigide illuminé par une source
ponctuelle. Cette projection, définie par une angle tilt, correspond & un des six degrés de
liberté du mouvement 3D rigide. Il est montré ici que cet angle peut étre estimé en exploitant
I’erreur de compensation de mouvement issue des variations d’ombrage de ’objet considéré.
Cette approche utilise un champ dense de vecteurs de vitesse et un masque 2D d’objets
préalablement calculés. De plus, la méthode proposée suppose que les objets sont rigides et
Lambertiens avec des normales de surface distribuées également. L’illumination est supposée
se composer d’une lumiére ambiante et d’une source lumineuse ponctuelle & l'infini. Cette
approche a été validée sur des séquences de type visioconférence pour lesquelles des résultats
satisfaisants ont été obtenus. Une analyse d’efficacité montre que I’estimateur marche mieux
si la direction de la source lumineuse se situe proche de 'axe de visé de la caméra. Cette
méthode a été appliquée au probléme de Iindexation vidéo, ce qui a permis de montrer que
des séquences de type visioconférence peuvent étre segmentées entiérement automatiquement
en segments temporels de mouvement homogéne au sens de ’angle de tilt. Différents résultats
expérimentaux sont disponibles a l’adresse: http://www.irisa.fr /temics/Demos.

Mots-clé : Estimation de mouvement, ombrage, illumination
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1 Introduction

The estimation of rigid object motion relatively to a capturing video camera is a classical
problem. The motion is therefore described by 3D rotation and 3D translation, i.e. by six
degrees of freedom.

The 3D object motion and 3D object shape can be estimated from 2D positions of
corresponding image points in succeeding images of a video image sequence in case of known
and unknown intrinsic camera parameters, see [5] and [24] for reviews, respectively. In these
approaches, pure geometric information is exploited. The object motion estimation problem
can be simplified, if the 3D object shape is described by a parametric shape model [6] or
if the 3D object shape is even known in advance [7][13]. In these approaches, additionally
to pure geometric information, the image signal itself is exploited directly by applying a
gradient method [13].

In the approaches mentioned until now, photometric effects in the video images like
shading, cast shadows and specular reflections have been either avoided (by using robust
point correspondences) or neglected (during exploitation of the image signal). It is assumed
that a moving object preserves its brightness during motion, see [12] for a discussion.

In presence of a dominating, point-like light source, such photometric effects are shown
in [15] to be strong and to contain information on motion and shape of the objects.

To utilize photometric effects, the 3D object shape may be estimated from shading [9][26],
from specular reflections [25] or from cast shadows [16][8][4]. In these approaches, the objects
are either static [9][26][8][4] or the motion is known in advance from a turntable [25]. Further,
the objects are often assumed to be unicolored, i.e. having a spatially uniform reflectance
[91[26][8]-

To utilize photometric effects for 3D object motion estimation, the usage of temporally
changing object shading has been proposed. For example, the shading of a persons face
changes, if the person turns his face away from the light source. Pentland [15] presented in
1991 an approach for shape estimation from nothing than temporally changing shading. For
3D motion estimation, in [17][3] temporally changing shading has been taken into account
during evaluation of the image signal by a gradient method. In these approaches, photometric
and geometric effects are used. Further, the 3D object shape is assumed to be known in
advance. Because a gradient method tracks the motion of a local image region independently
from other image regions, the objects are allowed to be multi-colored, i.e. they may have a
spatially varying reflectance.

In this report [22][20], the 3D motion of an object is estimated from nothing than the
photometric effect of temporally changing object shading. More specifically, one of the six
degrees of freedom of object motion is estimated. The estimated entity is the tilt angle of
the object rotation axis that defines the orientation of the 2D projection of the 3D object
rotation axis in the image plane. The projected object rotation axis is a powerful key to
image understanding.

The approach and its relation to the literature are as follows. Whereas in [5][24][17][3]
mainly geometric effects are evaluated for motion estimation, this approach evaluates nothing
than the photometric effect of temporally changing object shading. Whereas in [5][24] 3D
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cos B8+ (1 — cos B) R2 (1 —cosB)RyRy — R.sinf8 (1 —cosB)R,R. + Rysinf
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(1 —cosB)RyR, — Rysinf3 (1 —cosB)RyR. + R,sinf3 cos 3+ (1 — cos B)R?2

motion and 3D shape are estimated jointly, in this report only motion is estimated by a
less complex method. In opposite to [7][13][17][3], the 3D object shape is not assumed to be
known in advance. Instead, the assumption of equally distributed surface normals is applied,
known from illumination estimation approaches [14][9][26]. To overcome the spatially varying
and unknown object reflectance, two images will be evaluated. Inspired by Pentland [15], the
images will be motion compensated (using a given displacement vector field) and combined
by a non-linear processing to eliminate the unknown reflectance. In this report, as non-linear
processing the displaced frame ratio (DFR) is introduced. It will be shown theoretically, that
there is a strong link between the DFR inside the 2D object silhouette and the object rotation
axis tilt. To show that the estimated tilt angle is a useful information, the estimated tilt will
be applicated to video indexing [21].

The report is organized as follows. In Section 2, the displaced frame ratio (DFR) will be
introduced. In Section 3, a method for rotation axis tilt estimation from DFR observations
will be developed and its performance will be discussed. In Section 4, experimental results
and an application to video indexing will be presented. Section 5 gives a conclusion.

2 Displaced frame ratio

In this section, the displaced frame ratio (DFR) is introduced. The DFR, will be the
observation for the estimator in the next section. To observe the DFR, a previous image at
time instant k¥ — 1 with the luminance

sk-1(p) = n(P) E(N) (2)
and a current image at time instant k with the luminance si(p) are needed. In Eq. 2,
p = (z,y)T is a 2D image position, N the normal of the object surface patch at the 3D
position P that is visible at p, n(P) the reflectance of the surface patch and E(N) the
irradiance, i.e. the perceived light power per object surface. The irradiance term E(N)
describes the shading on the object surface depending on the normal N [18][19].

To divide out the unknown and spatially varying object reflectance from the image
luminances, the current image is motion compensated by a given displacement vector field
d;(p) and related to the previous image. This results in the DFR,

sp(p — dk(P)) E(RN)

drip) = FE—ARE = T 3)

INRIA



Object Rotation Azis from Shading 5

with R the rotation matrix describing the rotational part of the object motion from time
instant £k — 1 to k. The rotation matrix can be described by a unit rotation axis vector
R = (R;, Ry, R.)T and a rotation angle 3 [11] according to Eq. 1 at the top of the previous
page. The vector R, further denoted as rotation axis, can be defined by a tilt angle 7 and
a slant angle g according to

R, sinng cos TR
R = R, = sinng sin 7g (4)
R, — COSTR

(see Fig). 1. The DFR describes the photometric effect of temporally changing object sha-
ding.

R / N

F1G. 1 — Definition of the rotation azis vector R in the word coordinate system (z,y,z):
The tilt angle TR defines the orientation of the projection of R into the xy-plane (i.e. image
plane), whereas the slant ng is the angle between the z-azis (i.e. viewing direction) and R.

For a scene illumination by a distant point light source and ambient diffuse light, the
irradiance

E(N) = ¢ (1+pLN) (5)
at an object surface patch is defined - up to a camera dependent constant ¢ - by the surface
normal N and the weighted illumination direction L. The direction of L is defined by the
angles 77, and 7y, as shown for R in Fig. 1. |L| = e is the ratio between point light source
and ambient light intensities [18][19]. In Eq. 5, g = 1, if the point light source illuminates
the object surface, else p = 0.

3 Object Rotation Axis Tilt Estimation

In this section, an estimator of the rotation axis tilt angle will be derived analytically.
Therefore, the description of the DFR according to Eq. 3 is simplified using the assumption
that

RR n° 3865



6 J. Stauder, H. Nicolas

_ B —LaRyNo+Ly R No+Ly Ra No—L. Ry N
9z = N, 1+LN

(Ly N.—L,N,)(—L.R, Ny—L,R, Ny+L, R, Ny+L. R, N,—L, R, N.+L, R, N.)
=T (1+L N)Z

8 —Ly,R.N,+L,R,N,—L,R,N,+L.R, N,
9y = N.r 1+LN

(Ly N.—L, Ny) (=L, Ry Ny—Ly R, No+L, R, Ny+L, Ry No—L, Ry N.+Ly R, N;) (6)
=T (1+LN)?

Al: the object rotation is small

such that the rotation matrix from Eq. 1 can be linearized with respect to the rotation angle
B yielding
- 1 _Rzﬂ Ryﬂ
R = R.( 1 —R.(3 . (7
_Ryﬂ Rzﬂ 1

By insertion of Rin Eq. 3, also the DFR,

E(RN)

Frv) = oy - ®)

is linear with respect to the rotation angle 3. As a next step, the spatial gradients of the
DFR will be derived. Using the assumption that
A2: the object surface can be locally approximated by a sphe-
ric patch,
the surface normal N(z+ Az, y+ Ay) in a local neighborhood of a considered image position
p = (2,9)7 can be written as

1 Az
N = =- Ay

" —/1r2 — Az?2 — Ay?

with 7 the radius of the spherical patch. This approximation has been used by Rosenfeld in a
similar manner for the image luminance [9]. Now, the surface normal in Eq. 8 is replaced by
the spherical approximation 9. Then Eq. 8 is derived with respect to Az and Ay, respectively.
Finally, the spherical approximation 9 is eliminated in the derivative result giving the spatial
gradient

; 9)

Vdfr(p) = (9.(p), 9y ()" (10)
with VT = (8/0z, 8/0y) the gradient operator and g, (p), g,(p) as shown in Eq. 6.

INRIA
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2e cosny, sinny, cos 7, cos g + 2e sinng cos TR cos? g, + 2e sin® g, sin? 77, sin g cos TR
+3 cosnr sinnr cos TR + 3 sinng cos 7L cosnr — 2e sin? ML Sin 7r, cos Tr, Sin N sin 7R

<l
|

(11)

9= —2ecos?ngsinngsinTr — 2sinnge cosny, sin g, cosng + 2esin’ g, cos Tf, sin 7, sin g cos TR
—2esin? L cos? 7, sin NrsinTr — 3cosn sinng sin T — 3sinny, sin 7, cosNgr

To further develop the calculation, an idea of Pentland [14] is used. He proposed to
calculate the spatial means of luminance gradients to recover the point light source direction
tilt. We applicate this idea to the DFR gradients to recover the object rotation axis tilt. We
average the DFR gradients in the image region covered by the moving object. To do so, the
object shape has to be known, because the surface normal N appears in the DFR gradients
in Eq. 6. To avoid this, we apply Pentland assumption that

A3: the object surface normals are equally distributed.
This restricts the type of video scenes to scenes with ball-like objects. As the results in
section 4 will show, this assumption allows even for human heads. By this assumption, the
surface normal
N = (sinynycos7n , sinyysinTy , —COSTN)T , (12)

defined by the slant and tilt angles nn, 7 corresponding to R in Fig. 1, has the probability
density function

sinny cosnn
Pu(n, ) = SR (13)

see [9]. The linear mean of the DFR gradients is

2w pm/2
Tz = / / 9z PN(MN, TN )dnN dTN (14)
0 0

and correspondingly for g,. The integral in Eq. 14 covers the whole visible surface of the
object, whereas Eq. 5 contains the switch p to decide whether a surface is illuminated or
not by the point lights source. We use thus the assumption that

AJ: self shadowing is negligible
and set p = 1. This assumption has been used implicitly also in [14][9]. Assuming further
that

Ab: the point light source is weak,
enables us to solve the integral in Eq. 14. This means that 1 + LN = 1 holds and the
denominators in Eq. 6 can be drastically simplified.
The idea is that the mean gradient of the DFR is related to the the orientation of the
projected rotation axis. To motivate this idea, Fig. 2 shows examples for the DFR. It can be
seen that the 2D projection of the true 3D object rotation axis seams to be orthogonal to
the mean gradient of the DFR. To recover the orientation of the mean DFR gradient, the y
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projected
ot dBA rotation axis ..
projecte '
rotatiof
axis

@ (b)

projected _
rotation axis A Projected
& rotation
axis

(0) (d)

F1G. 2 — Displaced frame ratio (DFR) of two images of a unicolored sphere rotating around
an azis in the image plane (nr = w/2): The point light source is located "at the feet of the
viewer", i.e. n, = 7/2 and T = 7/2. The rotation axis tilt is (a) TR = 0, i.e. the x-axis, (b)
Tr =7/4 (c) TR = /2 or (d) TR = m. The motion compensation is perfect. The region on
top of the object marked by "A" is not illuminated by the point light source (self shadow).
The region at the occluding object border marked with "B" is arising new image content that
can not be predicted my motion compensation The background grey level corresponds to a
frame ratio of one.

INRIA
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O3n—rr|degree]

80 - .

70 fa) estimation from DFR mean if all assumptions hold —e—
(b) estimation from DFR mean, real case —+—
60 - (c) estimation from weighted DFR mean, real case —A—

50 -
40 -
30 -
20 -
10 -

0 A—h | | |
0 10 20 30 40 50 60 70 80 90

nr[degree]

F1G. 3 — Results of rotation axis tilt estimation: Standard deviation o:,_-, of estimation
error of rotation axis tilt versus illumination slant i, measured ot ng = 7 /4,7r = /4 and
averaged over 7, = 0..1/2; The curves show (a) the estimation error in the ideal case for
synthesized images that behave really according to all used assumptions (see text), (b) the
estimation error for realistically synthetic images and (c) the estimation error for realistic
synthetic images using a weighted mean (see text).

component g, of the mean gradient is divided by its  component g, giving the ratio shown

in Eq. 11 at top of the next page. To find the close relationship to the rotation axis, an
A6: illumination in viewing direction

is assumed, i.e. nz, = 0. Then, the ratio in Eq. 11 simplifies to g,/g; = — cosTr/ sin 7g, such

that the rotation axis tilt can be estimated by

atan(@/@) @ >0
. ™ atan(gy/9z) +7 ., 9z <0
= — n A 1
TR =51 a2 if ge=00rgy, >0 (15)
3n/2 9z =0o0rg, <0.

The estimation of the rotation axis tilt can be carried out by Eq. 15 using the means
0x,9y of the DFR frame ratio inside the 2D binary object mask, the image region that
corresponds to the object.

RR n° 3865



10 J. Stauder, H. Nicolas

To have a closer look at the performance of the estimator, the estimation has been carried
out for the simple scene described in Fig. 2. The conditions of the experiments are as follows:

— Object shape: fixed, object is a sphere
— Scene illumination

— Intensity |L|: fixed to |L| = 1.0 (maximum, most contradictory to assumption
A5)

— Slant angle 7 fixed per estimation, several estimations with varying slants 0 <
nr < w/2, see horizontal 7 -axis in Fig. 3

— Tilt angle 71: Fixed per estimation, several estimations with varying tilt, estima-
tion error averaged over 0 < 7, < /2, standard deviation of estimation errors is
vertical axis in Fig. 3

— Object motion

— Tilt angle 7: Fixed to 7g = 7/4 (without restriction of any generality, because
results are averaged over 7p,)

— Slant angle ng: Fixed to ng = m/4 (restriction to a representative case)

All experiments have been carried out using Eq.15. Note that experiments for all possible
illumination slants nz, have been derived, even if the estimator assumes 7y, = 0 (assumption
A6). Note also, that the point light source is not weak, but at maximum amplitude, even if
the estimator assumes a weak point light source (assumption A5).

Fig.3(a) shows the result, if all used assumptions hold. This theoretical case means that
the mean DFR gradient really behaves as the simplified Eq. 11 says. The error standard
deviation is zero for an illumination in viewing direction (57, = 0, assumption A6) and
increases the more the more the illumination direction of the point light source inclines to
the image plane (contradictory to assumption A6). The maximum standard deviation in
case of an illumination direction parallel to the image plane is 04, -, = 70degrees which
is quite a lot.

Fig. 3(b) shows the result for a more realistic experiment: an estimation from actual
images. The images has been synthesized as described from a moving unicolored sphere.
From the images, the DFR gradients measured and then used for estimation according to
Eq.15. The standard deviation is higher than before, because in this more realistic experiment
a part of the object is self shadowed (contradictory to assumption A4) and the point light
source is not weak (contradictory to assumption A5). The maximum standard deviation
in case of an illumination direction parallel to the image plane passes in this case even
Org—rr > 90degrees.

To refine the estimator, a weighted mean of the DFR gradients is proposed according to

(%)= > oo v (16)

gy shrinked object mask

with the weight

INRIA
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rotation
axis

rotation

@ (b)

F1G. 4 — Gradients (a) in x and (b) in y direction of the displaced frame ratio (DFR)
between two images of a unicolored sphere rotating around a rotation axis in the image
plane (nr = 7/2) with an angle of TR = 7/4 to the x-azis; Strong gradients can be seen in
area marked with "A" at the self shadow border and in the area marked with "B" at that
part of the occluding object border where new image contents arises.

1

VIVdfr(p)

The weight can be motivated by regarding the DFR gradients in Fig. 4. As can be seen,
the border of the self shadowed region (the region which is not illuminated by the point
light source) is surrounded by strong gradients that are not considered by the estimator
(assumption A4). Further, there are strong gradients at the border of the object due to
two reasons. First, areas of new scene contents can not be predicted. Second, displacement
estimates at the object border are erroneous [23]. For these reasons, the gradients in Eq. 16
are weighted by the inverse of their amplitude and they are averaged only inside a shrinked
object mask.

In Fig. 3(c) can be seen that this modification reduces the influence of motion compen-
sation errors and neglected self shadow contours. The standard deviation is now comparable
to the ideal case in Fig. 3(a). For the worst case of an illumination direction parallel to the
image plane (n; — 7/2) the result is even better. The maximum error standard deviation
is now 0.4 —rp = 35 degrees.

w(p) = (17)

RR n° 3865



12 J. Stauder, H. Nicolas

4 Results and Applications

In this section, results for the estimation of the rotation axis tilt from real video sequences
are presented. Further, it is shown that the developed estimator derives results with an
accuracy high enough to enable video indexing based on the tilt estimates.

4.1 Results of rotation axis tilt estimation

In Figs. 5 and 6, sample results with real image sequences are shown. The image sequences
show approximately rigid objects with a sphere-like shape. The sequences are in CIF format
(352x288 pels) and 12.5 Hz frame rate. The estimated object rotation axis tilt is visualized
by a white arrow. The results are obtained by a) automatic object segmentation using the
COST 2119“¢* image analysis model |2], b) by automatic estimation of a displacement vector
field using hierarchical block matching with half pel resolution [1] and c) application of the
developed rotation axis tilt estimator from Section 3.

The results show a good performance even, if the object shading is weak (contradictory to
assumption A5 in Section 3) and the illumination is not in viewing direction (contradictory to
assumption A6 in Section 3). As long as the 2D object silhouettes were roughly found (from
about the 10th image on), the accuracy for the shown experiments is about +£10 degrees by
visual inspection. This size of errors corresponds well to the performance analysis in Section
3.

No. 21 No. 26 No. 31

No. 36 No. 41 No. 46 No. 50

Fi1G. 5 — Two temporal segments of homogeneous object motion automatically found for the
test sequence “Tai”, format CIF, frame rate 12.5Hz: (a) images 16 ... 81 and (b) images 36
... 50. Superimposed is the estimated 2D projection of the 3D object rotation azis.

INRIA
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T

2SN

No. 13 No. 17 No. 21 No. 25

CTTT

No. 29 No. 33 No. 37 No. 41

Fi1G. 6 — Two temporal segments of homogeneous object motion automatically found for the
test sequence “Ball”, format CIF, frame rate 12.5Hz: (a) images 13 ... 26 and (b) images 29
... 41. Superimposed is the estimated 2D projection of the 3D object rotation axis.

4.2 Application to video indexing

This section presents a new method for the temporal segmentation of a video sequence
based on estimates of the tilt angle of the rotation axis of a rigid object. The temporal seg-
ments are identified regarding the temporal evolution of the tilt angle. Therefore, a Kalman
filter with a physical motion model is applied to the tilt angle.

To describe the object motion just by the rotation axis tilt angle, for a time instant k a
motion state vector

x(k) = (tr(k), tr(k)" (18)
is introduced, where 7 (k) is the temporal change (velocity) of the tilt angle. For the Kalman
filter, this report follows the notation of [10]. The object motion is described by the motion

model
x(k) = &@x(k—1) + w(k), (19)

g:(})}) (20)

is the system matrix for homogeneous motion and w(k) is a 2D motion state noise vector.
From a rotation axis tilt 7g(k) that has been estimated at time instant k according to Section
3, the following motion measurement vector is derived

7r(k) ) (21)

where

RR n° 3865



14 J. Stauder, H. Nicolas

that is assumed to follow the measurement model
z(k) = x(k) + v(k) (22)

with v(k) a 2D measurement noise vector.

For each time instant k, the Kalman filter needs as input a measurement vector according
to Eq. 21. Further, it needs the former motion state vector estimate and its covariance matrix.
To initialize the filter at the time instant k£ = —1, a zero motion state vector with a diagonal
motion state covariance matrix with elements much larger than one are used. Finally, the
Kalman filter needs to know the covariance matrices of measurement noise v(k) and system
noise w(k). Ignoring Eq. 20, they are set to unit matrices. Thus, the noise for the elements
of the motion state vector and the measurement vector are assumed to be equal in power
and decorrelated.

The Kalman filter derives for each time instant k four outputs. A prediction as well as
an estimate for both, the motion state vector and its covariance matrix.

In this report, the Kalman filter output is used for two purposes. First, the Kalman
estimate for the object rotation tilt angle describes the object motion more reliable than the
direct result 7g (k) from the method in Section 3. The Kalman tilt estimate is the first element
[%(k|k)], of the motion state estimate %x(k|k). The notation k|k indicates that the estimate
corresponds to the time instant & using all measurements including the measurement at time
instant k [10].

Second, temporal segments of homogeneous object motion are identified by checking the
validity of the assumed motion model defined in Eq. 19. At a time instant k, the object
is said to undergo a homogeneous rotation if the object rotation tilt angle behaves as the
Kalman filter predicts. As criterion, the inequality

|7r(k) — [X(k[k =Dl | < a/[P(k[k) o (23)

has to be fulfilled. Here, x(k|k — 1) is the Kalman prediction for the motion state vector for
time instant k using the measurements from all time instants up to k — 1. Further, P (k|k)
is the covariance matrix of the motion state vector that has been estimated by the Kalman
filter and [-]go indicates the first diagonal element. The factor « is a constant for all video
sequences and is set to 40 by manual optimization.

In Figs. 5 and 6, automatically found temporal segments of two test sequences are shown.
The identified segments fulfill the constraint Eq. 23 for all time instants. They correspond
well to the main temporal segments of object motion observable in the video sequences. The
results have been obtained fully automatically. The results show that

1. Indexing of video sequences showing simple rigid objects is possible using only one
motion parameter, the object rotation axis tilt.

2. The object rotation axis tilts estimated by the method proposed in this report are
accurate enough to ensure a correct indexing result.

INRIA
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5 Conclusion

In many existing approaches to motion estimation, illumination effects in the exploited
video sequences are neglected. It is assumed that a moving object preserves its brightness
during motion. For video scenes with a strong, point-like light source, illumination effects
are astrong and may disturb those algorithms.

To the contrary, this report shows that illumination effects contain useful information
on object motion. An estimator is developed for the tilt angle of the rotation axis of a rigid
object that is illuminated by a point light source. The tilt angle defines the orientation of
the 2D projection of the 3D object rotation axis in the image plane.

It is analytically shown that the projected rotation axis can be estimated by exploiting
only temporal changes of object shading. Therefore, the object is assumed to be rigid, to
be matte, to have equally distributed surface normals and to be illuminated by a distant
point light source and ambient light. The developed estimator is based on a link between the
projected rotation axis and the mean spatial gradient of the displaced frame ratio (DFR).
The DFR is the pel-by-pel frame ratio after motion compensation.

The estimator is of low complexity. He is based on a pel-by-pel division of two images
followed by a calculation and averaging of spatial image gradients over an image area. Re-
quired input data are a dense displacement vector field (DVF) for motion compensation and
a 2D binary object mask to define the image region of the object.

Experiments using automatically derived DVFs and object masks show that the estimator
yields qualitatively good results for video scenes with simple objects like head-and-shoulder
scenes. A performance analysis shows that the estimator works best if the main illumina-
tion is in viewing direction. In the worst case of illumination parallel to the image plane,
theoretically a maximum standard error deviation of 35 degrees can be attained. In the ex-
periments, a visual inspection of the tilt estimation results revealed an uncertainty of about
+10degrees.

An application of the estimator to video indexing shows that the estimator is accurate
enough to obtain correct indexing results. For indexing, a temporal Kalman filter is applica-
ted to the temporal evolution of the object rotation axis tilt angle. As long as the tilt angle
follows the temporal motion model of the Kalman filter, the images are said to form a tem-
poral segment. As soon as the tilt angle does not behave as predicted, the current temporal
segment is said to be completed and the indexing algorithm waits for the start of the next
segment. Applicated to real video sequences showing simple objects like head-and-shoulder
scenes, the algorithm finds correctly the temporal segments of the image sequences within
the object moves homogeneously.

Whereas the estimation algorithm works well for video scenes with diffuse ambient light
and a dominating point light source, the algorithm will fail if there is no predominating
light source in the scene. This is because the algorithm is based only on the exploitation of
photometric effects, here temporal changes of object shading. In future, it should be therefore
combined with an algorithm exploiting geometric effects as motion of feature points. This
report may serve as motivation to make use of the DFR and its useful information on 3D
object shape and on 3D object motion.
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