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Abstract context, Nelson and Polana [12] introduced the notion of

temporal textures. They considered techniques originally
We present an original approach for non parametric mo- developed for spatial texture analysis to characterize dis-
tion analysis in image sequences. It relies on the statistical tributions of local motion-related measurements computed
modeling of distributions of local motion-related measure- over image sequences. The resulting description of dy-
ments computed over image sequences. Contrary to prehamic scenes can be interpreted in terms of motion activity.
viously proposed methods, the use of temporal multiscaleNew developments in that direction have been proposed for
Gibbs models allows us to handle in a unified statistical motion-based video indexing and retrieval [5, 14].
framework both spatial and temporal aspects of motion con-  We further investigate such an approach and we intro-
tent. The important feature of our probabilistic scheme is to duce new probabilistic motion models with a view to hand-
make the exact computation of conditional likelihood func- ling both spatial and temporal properties of image motion
tions feasible and simple. It enables us to straightforwardly content within a unified statistical framework. We rely on
achieve model estimation according to the ML criterion and temporal multiscale Gibbs models to represent distributions
to benefit from a statistical point of view for classification of local motion-related measurements. These statistical non
issues. We have conducted motion recognition experimentparametric motion models are exploited for motion recog-
over a large set of real image sequences comprising vari- nition and we handle a wide range of motion types from
ous motion types such as temporal texture samples, humamnigid motion situations to temporal texture samples. The
motion examples and rigid motion situations. remainder of this paper is organized as follows. Section 2
outlines the general ideas underlying our work. Section 3
presents the local motion-related measurements we use for
1 Introduction non parametric motion modeling. In Section 4, the statist-
ical modeling of motion information and the estimation of
The interpretation of motion cues is at the core of visual these models are addressed. Section 5 presents the applic-
perception [2]. In the field of computer vision, research de- ation to motion classification and, Section 6 contains con-
voted to motion analysis was initially dedicated to the com- cluding remarks.
plete recovery of motion information from image sequences
and relied on the computation of dense optic flow fields,
which is known to be an ill-posed problem [1, 10]. How- 2 Problem statement
ever, as emphasized in [6], it is not necessary to recover
such complete information to further analyze the dynamic Proposed approaches for non parametric motion analysis
contentin image sequences. The key point for given applic- mainly rely on techniques originally developed for texture
ations, such as motion classification [12] or action recogni- analysis. For instance, motion-based features from spatial
tion [4], is rather to determine appropriate representation of cooccurrences of normal flow fields were exploited in [12]
motion information directly computed from images. In this to classify sequences either as simple motions (rotation,
paper, we follow this point of view and we tackle the motion translation, divergence) or as temporal textures. In [14],
recognition issue with na priori knowledge on the content  different motion-based descriptors still computed from nor-
of the observed dynamic scenes. Our goal is then to desigmal flow fields were considered using other techniques de-
a general framework to provide a global characterization of veloped for texture analysis (Fourier spectrum, difference
motion content in image sequences. statistics). In both cases, the extracted features only yield
As far as general dynamic content classification is con- a global characterization on the spatial distribution of mo-
cerned, the use of non parametric techniques as opposetion information in a given image (i.e., at a given instant).
to 2D parametric motion models appears attractive. In that However, as far as the description of the dynamic content
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in image sequences is concerned, it is also crucial to handlevhereV I is the spatial gradient of the intensity functién
the temporal properties of image motion distribution. Thus, andI; its temporal derivative.
it appears necessary to combine the characterizations of From equation (1), we can deduce the expression of the
both spatial and temporal aspects of motion information to normal flow,v,,(p) = —I:(p)/||VI(p)|| which is exploited
achieve motion recognition. This can for instance be per-in [12, 14]. However, this quantity is known to be very
formed using spatio-temporal Gabor filters applied to image sensitive to the noise attached to the computation of the in-
intensities as explored in [17]. tensity gradienVI. To overcome this problem, we con-
On the other hand, the introduction of probabilistic mod- sider a weighted average of normal flows within a local win-
els, such as Gibbs random fields [7, 18], has led to import-dow. The weights are given by the spatial intensity gradient
ant advances in texture analysis. In particular, statisticalnorms, which are a relevant measure of normal flow reli-
techniques appear more suited to properly formalize learn-ability as pointed in [13]. Thus, we compute the following
ing and classification issues. Therefore, we have furtherlocal motion-related measurement which is more reliable
investigated the analogy between texture analysis and northan normal flow:
parametric motion analysis, and we introduce statistical non

parametric motion models. The use of probabilistic models Z IVI(@)I] - e (a)]
for temporal texture synthesis has been investigated in [16]. Vobs (P) = 9€ 7 (p) 2)
However, the considered auto-regressive models cannot be )
applied to motion modeling and recognition. max 7%, > [VI(g)|?
We prefer to rely on Gibbs models since there is a a€F(p)

straightforward relationship between cooccurrence meas- : . 5
urements and Gibbs models [8, 18]. Nevertheless, the dir-Wheref(p) Is a3 x 3 window cen'Fered R, 1) e_xpredeter-
ect use of general Gibbs models for recognition and classi-mmed _constant relatedto the noise Ievgl (typmajly; .5)'
fication issues reveals impossible. Indeed, their associated Opwoysly, we have lost any d|r.ect|on mformayon by
likelihood function cannot be exactly computed due to the considering the measueg;, (p). For instance, we will not

unknown partition function, and then, we cannot compare 2;2?1'56 tlf;od'zcr(';:“ngtgrzwr?o?irtlzlrzg?:ds.\évgztszrs.f:t dslr_e-
the conditional likelihoods of given observations w.r.t. two lons. However, w ! : ining sp

different models. To alleviate this problem, we consider cific motion values, but we aim at supplying a global char-

Gibbs models associated to a causal formulation. It aIIowsaCterlzatlon of the dynamic content within image sequences

us to exactly and easily compute the corresponding likeli- yvith a view to evaluating similarity in terms of motion activ-

hood functions. We finally introduce temporal multiscale 1y. Qn the 'othe'r hgnd, contrary to [12, 14], we do not
Gibbs models specified over sequences of maps of motion EXPloit the direction information attached to normal flows.

related quantities. This multiscale approach enables us toThese directions are rather descriptors of the spatial texture

define causal models which handle within a single statist- present in the observed scene whereas we are concerned

ical framework both spatial and temporal aspects of imagveIth at.g?neral dehscr|ptt|on ?f motion content independent
motion information. of spatial scene characteristics.

Another important advantage of this motion-related
guantity is the existence of confidence bounds to evaluate its
3 Local motion-related quantities reliability. Given a detection level of motion magnitudle
there are two bounds(p) andLs(p) verifying the follow-
ing properties. If the motion-related measuremgpi(p) is
smaller than td;(p), the magnitude of the real (unknown)
Our approach for non parametric motion analysis relies ondisplacementw (p)|| at pointp is lower thanj. On the con-
the statistical modeling of distributions of local motion- trary, if vess (p) is higher tharLs(p), ||w(p)|| is greater than
related measurements. As previously stressed, dense oph. The two bounds;(p) and Ls(p) are straightforwardly
tic flow field estimation remains a difficult issue, especially computed from the spatial first-order derivatives of the in-
for complex dynamic scenes such as temporal textures. Adensity function at poinp. For details on the expression of
a consequence, we resort to local motion-related quantit-these bounds, we let the reader refer to [13].
ies directly computed from the spatio-temporal derivatives ~ The OFCE (1) is known to present several shortcomings.
of the intensity function [12, 14]. The Optic Flow Con- First, it can only handle displacements of rather small mag-
straint Equation (OFCE) relates these derivatives to the realnitudes. Second, it is no longer valid in occlusion regions
displacementv (p) at pointp by assuming brightness con- over motion discontinuities, and even on sharp intensity dis-

3.1 Local motion-related measurement

stancy along trajectories [10]: continuities. To cope with these limitations, we have settle
a multiscale scheme based on the statistical test designed in
w(p)-VI(p)+ I:(p) =0 Q) [9] to evaluate the validity of the OFCE (1). We first build



Gaussian pyramids for the pair of successive images to bequantization, we adopt the MAP criterion. It comes to the
processed. Then, at each pagintve select the finest scale minimization of a global energy functiai [7]:
for which the OFCE (1) is valid, and we compute at that

scale the measuremeni, (p) and boundé;(p) andLs (p). e = arg wmin Ule,0)
If the OFCE remains invalid at all scales, we do not com- — arg min [U1(e,0) + Us(e)] (3
pute any motion measurement at pgint ceAlRI

where the energy functidhi is split into a data-driven term
3.2 Robust Markovian quantization Ui (e, 0) and a regularization terrtiz(e). In addition,U;

andU, are expressed as the sum of potenfiglendVs:
Our approach can be viewed as an extension of texture

modeling for grey level images, where local motion-related Ui(e,0) = > Vilep,vons(p))
guantities play a role similar to grey levels for texture ana- PER (4)
lysis. One of the main differences lies in the continuous Us(e) = Z B plep —eq)

nature of the motion measurements. Different reasons lead (pg)eC

us to quantize them. First, even if we consider continuous here C d h ¢ bi i f the 4
values in our modeling framework, we will need in prac- where & _enot_es the set o inary: cliques o ¢ € o
tice to cope with discrete states for model estimation and connectivity neighborhoogf a positive coefficient setting

storage. Second, for motion recognition, the definition of t2h§ mflgenceh ofdthedregulag;atl?\/rl1 (mt.pratcthz%;:s S?IE tl(() ,
a quantization range common to all processed image se-": ) andp a hard-redescending M-estimator, here Tukey's

quences is required to evaluate similarities between imageb|we|ght function. It allows us to preserve the discontinuit-

sequences. Third, we can exploit the confidence bounds OfesTpr:esent N _thlefactu_alr;//elocny field. h | |
the local motion-related measurements to define an e1‘ficientb I e pgtenu% uncpo 1 EXpresses _oere evant a .3'
quantization scheme. el is to describe a given motion quantity. Let us consider

The motion quantization issue is stated as a Markovian &g?;gtzgrffn dlii\éz;em\l/lg:uzesec[[olrh'Ar!!i,,e\évgg\?v[[elélﬁﬂ];; d
labeling problem. Compared to a simple linear quantization P

of the motion-related measurements, it presents several in e potentiali (v;, vops (p)) evaluates how likely the mag-
. ) . . nitude of the real (unknown) displacement at pgins to

terests. First, the resulting quantized motion-related meas—be within the intervaly; 1. Itis defined as follows:

urements can be regarded as approximations of the mag- Vie1, Vil '

nitude of the real (unkno_wn) d|sp_lacements. Netlenote Vi (i, vobs(p)) = Supr,  (p) (vobs ()

the set of values of quantized motion-related measurements. + Inf : (Vobs ()

Letus define\ = {vp = 0,v1,vs, ..., vz} With 0 < vy < bei (p) \obs

.-~ < v5|- The Markovian quantization comes to determ- gy, is a continuous step function centeredinand/n f;

ine the intervalv;_,, v;] within which the magnitude of the s the opposite of a step function centered and rescaled

real (unknown) displacement at pojnis the more likelyto g pe in the intervalo, 1].

be. This is evaluated through a data-driven term involving  The minimization issue (3) is achieved using a modified

the motion-related measuremepj; (p) and the associated yersion of the ICM algorithm and the initialization is given

confidence bound§(l,, (p), L., (p))} described in subsec- by considering only the data-driven term in the minimiza-

tion 3.1. In addition, the use of a contextual labeling tech- tign.

nique enables us to cope with spurious local observations.

Besides, experiments carried out on simple known motions Lo . .

(translation, rotation, divergence) have demonstrated thadd ~ Statistical non parametric motion

such a Markovian quantization provides us with quantized modeling

motion-related measurements closer to the magnitude of the

r_eal displacements, _compared to a simple linear quantlza-4_1 Temporal multiscale Gibbs models

tion. These comparisons were evaluated between the map

of quantized motion-related measurements and the map oin order to handle both the spatial and temporal aspects

magnitudes of the real known displacements (ground-truth),of the dynamic content of image sequences, we have de-

in terms of mean square error and in termslgfdistance  signed a multiscale statistical framework. Given a sequence

of the occurrence histograms. of maps of quantized motion-related measurements, we in-
Let R be the spatial image grid, = (e,)per the la- troduce at each point a vector of measurements computed at

bel field where each label takes its value in the sgand different scales instead of considering only one single value.

o = (vobs(P))per the observation field formed by the local Gibbs models are then specified on a sequence of maps of

motion-related measurements. To achieve the Markovianvectors of multiscale motion-related measurements. The

()



proposed probabilistic models enable the exact and easy{X? ,,..., X% ,(p)}, the most accurate information is
computation of the likelihood function attached to a given supplied by the motion-related measuremefit, (p) at
model. A direct model estimation scheme according to the scale0. Thus, we also assume th&t, (p) is conditionally

Maximum Likelihood (ML) criterion can also be adopted.
Letv = (vg,v1,...,vk) be asequence & +1 maps of

independent of X} | (p),...,XE [ (p)} wrt. X? | (p).
Based on these two assumptions, expression (8) can be sim-

quantized motion-related measurements issued from a seplified as follows:

guence ofK + 2 frames. From this sequence we build
a new sequence = (xg,x1,...,2k). FOr given instant
k € [0, K] and pointp in the image suppork, x(p) is
defined as a vector of measute$(p), . .., zZ (p)) at scales

0 to L which are computed by applying Gaussian filters of

increasing variance to the map at pointp.

Our statistical modeling approach relies on the assump-
tion that the sequence is the realization of a first-order

Markov chainsX = (X, ..., X}) such that:

.
Pu(x) = Pa(wo) [ Pra(wklan—1) (6)
k=1

P (xx(p)|zk-1(p) =

Pr (2 (p)|g (p), 2%, ()
9
z " (p) |k (p), 25—, (p))

xPr (xf (0)|2} 1 (1))

This statistical setting involves the evaluation of “tri-
occurrences”, which induces a high complexity to spe-
cify the model M. Besides, we noticed in practice
that scale cooccurrence distributions computed on pairs

M refers to the underlying motion model to be defined later. {(«}, ' (p), =, (p))} at two successive scalds— 1 and

Py (x0) is thea priori distribution for the first image of

the sequence. In practice, we will consider no speéific

priori, i.e., Prq(x0) is constant. Let/Z denote this con-

[ exhibit high values for the terms close to the diag-
onal, whereas temporal cooccurrence distributions com-
puted on pairs{(z} (p), =% ,(p))} are more widespread.

stant. In order to design purely causal models, we assumeAs @ consequence, temporal dependencies can be neg-

that random variable§Xy, (p)),cr at timek are independ-
ent conditionally toX;_;. We further consider that, for
given pointp and instant, X (p) is also independent from
(kal(q))qER\{p} w.rt. Xi_1(p). Thus,Pay(zg|xr—1) IS
given by:

I P (e (@)ler—)

PER
I P el o)

pPER

Py(zg|ei—1) =

For(k,p) € [1, K] x R, applying Bayes rule, we obtain:
Pr (wk(p)|zk—1(p) =
Pra (22 (p)|f (p), 2~ (D), - - 2 (D), w1 (D))
(8)
L—1

X ... x Pr (27 ()| 2k (p), 2k—1 (D))

x Pau (2 (0) |71 ()

Since {22(p),...,zE(p)} are multiscale local motion-

lected w.r.t scale dependencies. The conditional likelihood
P (21, (p)|2r—1(p)) is finally written as:

Pum (wk(p)|zr—1(p) =

Pug (22 (p)[f(0) - x Pag (2 (0)]f (p))  (20)

< Pa (zF (p)|29_, ()

Thus, we only evaluate cooccurrences either computed at
successive scales or at two successive instants between
scaled) and L. Let us point out that cooccurrence statistics
computed between successive scales have proven interest-
ing properties for texture analysis and synthesis [3, 11, 15].

In order to deliver an exponential formulation of the like-
lihood Pp(z), we introduce the following notations:

P (2f (p)]29_1 (p) o exp Uk (2 (p), 2f_, (p)) (11)
andv! € [0,L — 1]:

Pr (25~ (0) |2k () o< exp Ty (2 (p), 257 (p)) (12)

related measurements, accurate information is provided by

quantities computed at the finest scales, whereas quantwhere® , = {¥!,(v,»')}

(Lwelon]xa? A€ the poten-

ities attached to the coarsest levels convey more globakig|s which explicitly specify mode/M. To guarantee the
and SmOOth information. In terms Of Conditional depend- uniqueness of the potentia's associatefm' we impose

ency, it leads to argue that, for any pojntat instantk
and scalel € [0,L — 2], X.(p) is independent from
X2 (p), .y XE(p) wort. X (p). Similarly, consider-
ing the conditional dependency &, (p) w.r.t. X;_1(p) =

the following normalization constraint:

V(l,v") € [0,L] x A, Zexp v (v,v)=1 (13)

veA



Using model potentiald?y(z) is given by: M feasible and simple. Then, the use of these probabil-
istic models for recognition or classification issues based on
ML or MAP criteria is straightforward. Second, all motion
Pu(z) = - 7 ¢XP Z Z Crt(@r(p), ze-1(p)) | (14) information exploited by these models is contained in the
k=1pER cooccurrence distributions. In particular, in order to eval-
uate the conditional likelihood§Px, (z)} w.r.t. models
{M;} for a given sequence it is not necessary to store the
entire sequence. We only need to compute and store the

where ¥ v (z(p), xx—1(p)) is the sum of temporal and
scale potentials:

U m(xk(p), zi—1(p)) = \IIL L@k (p),2%_1 (p)) related temporal and scale cooccurrence distribufigns.
. o (15) The evaluation of the conditional likelihood®y,; (x)} is
+ Z Ul (p () then simply achieved from the produét® ., eI'(x) } using

expression (16).

Specifying¥ o, supplies the complete knowledge Bj.
This provides us with a general statistical framework for 4.2 Maximum likelihood estimation
motion recognition. Besides, we can argue from expression . . '
(14) that the introduced modg¥ is a Gibbs random field ~ We now describe how we estimate the non parametric mo-
for which the partition function is known and equaisLet ~ tion modelM attached to a given image sequence. Given a
us stress thaf is independent of the considered model.  sequence of multiscale motion-related measuremems

We can rewrite the expression (14) using temporal andestimate the potentialsl' (v, ') }(1,u,v1)c[o, Ly a2 Of the
scale cooccurrences. We obtain a simple expression ofnodel M which best f|t3r. We resort to the ML criterion,

the likelihood P4 (x) involving the computation of a dot \hich leads to solve for the following issue:
product, ¥, e ['(x), between the potentials associated

with the modelM and the set of temporal and scale cooc- M = arg max Pp(x) (20)
currence distribution§'(z) computed for the sequence of M

multiscale motion-related quantities Since the considered statistical formulation involves

1 products of conditional likelihoods as given by relation
Ppm(x) = 7 XP [‘I’M ° F(x)] (10), the ML model estimation only requires to compute
(16) them. The potentials of the ML model estimdtéare given

by:V(l,v,v') € [0,L] x A2,
with ¥ v e T'(z Z\Ill oI‘l v )el0.1]

l AN [ ! Lo 1
where®!, , o T (z) is the dot product between the temporal Vi (v, V') =log | I'(v,v'|z)/ > T ve) | (21)
(I = L) orscale { € [0, L — 1]) cooccurrence distributions viEA
and the potentials of modgH. The temporal cooccurrence Thus, the ML estimation of the model associated with a

distributionI™" () is defined asv(v, ') € A%, sequence: is straightforward and directly results from the
computation of the set of temporal and scale cooccurrence
(v,V'|z) = Z S 6(v—af(p)d(v —af_i(p)) (A7)  distributionsl'(x). In addition, we can achieve model com-
k=1peR plexity reduction in order to supply an informative repres-
entation of the motion content while remaining parsimoni-
ous. After the ML estimation step, we select the relevant
potentials by evaluating likelihood ratios as described in [5].

with ¢ the Kronecker symbol. The scale cooccurrence dis-
tributionT (z) forl € [0, L—1]is given by:V(v, ') € A2,

! (5 _ _ 1 18 . ) ) )
rn = ;,;a v = oA — ") (1) 5 Application to motion-based image

Forl € [0, L], the dot produc®!,, e I'(x) is expressed as: sequence classification
l Loy l n ol 1 In order to demonstrate the ability of our non parametric
Vmel(e) = Z V) - T, ve) - (19) statistical motion modeling framework to characterize and
discriminate various motion types, we have carried out clas-
The availability of an exponential formulation presents sification experiments over a set of image sequences in-
several interests. First, it makes the computation of the con-volving a variety of motion contents (rigid motion, pedes-
ditional likelihood Pp4(z) for any sequence and model trian walking, temporal textures).

(v,v')eN?
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Figure 1: Experimental video set: for each of the eight motion classes (A) to (H), one image is displayed for each sequence
of the motion class. These classes correspond to various dynamic contents: (A) wind blown grass, (B) gentle sea waves, (C)
rough turbulent water, (D) wind blown trees, (E) anchor person, (F) moving escalator, (G) traffic, and (H) pedestrian walking.

5.1 Experimental set of image sequences training data. For class (H), since the sequences contain

. . . deal with eigh only 30 frames, we consider the first five subsequences of
Our motion recognition experiments deal with eight mo- ¢ et o sequences of this class. Finally, we obtain a

tion classes. The set of video sequences comprises diﬁerenltraining set comprising 80 micro-sequences, and a test set
temporal textures, rigid motion situations and human mo- including 376 micro-sequences. Létdenote the set of
tion samples. More precisely, it contains four kinds of tem- eight motion classesd, the training set for a given class
poral textures: wind blown grass (A), gentle sea waves (B), . € C, andT the set of test image sequences
rough water turbulence (C), and wind blown trees (D_)'_ I Given a class: € C, the learning stage consists in es-
addition, a class of anchor shots (E) of low motion activity, timating the associated statistical motion modd.. For
and two classes of rather rigid motion situations, moving each element € A,, we compute the sequence of maps of

. . C
escalator shots (F) and traffic sequences (G), are mCIUd_edmultiscale motion-related measuremetftsand the related
The last class (H) refers to sequences of pedestrian walking, . ¢ temporal and scale cooccurrence distributions).

either from left to right or from right to left. We then estimate the mod#l,. best fitting the observation
Each motion class, except class (H), is represented byset{x“}aeA w.r.t. the ML criterion. We solve for:
three sequences of one hundred frames. Class (H) includes ©

ten sequences of thirty images (five shots involving a pedes-
trian moving from left to right and five ones for a pedestrian M. = arg max
walking from right to left). Fig.1 contains one image rep-

resentative of each sequence of each class (for class (1), WJsing the exponential formulation @t (2) given by re-
have selected three sequences). lation (16), we obtain:

11 PM(x“)] (22)

aEA.

5.2 Motion learning and recognition stages M, = arg max
M

> Tpe F(m“)] (23)

Based on the eight motion classes, we first achieve a super- a€Ae

vised learning stage using a training set of image sequencessince the dot produck o, e I'(z?) is linear w.r.t. the cooc-
Then, we carry out motion recognition experiments over a currence distributiof' (%), this expression leads to:
test set. These two sets are defined as follows.

Each image sequence of the set described above is di-
vided into “micro-sequences” of six images. We obtain 57
samples in each motion class, which means that we consider
a set of 456 micro-sequences. The first ten micro-sequence$hus, solving for (22) simply comes to determine the model
of the first sequence of each class (A) to (G) are used as thédest fitting the average cooccurrence distributibpover

Tpo F(m“)] (24)

M, = argmax
M
aEA.



the set of cooccurrence distributioflS(z*) }ae 4. : 105

M, = arg max L2V (25) 1001
with: V(I,v,v') € [0, L] x A2, o5
ThLv,v) = Y T, v/|2") (26) %]
aEA.
Potentials¥ o are then directly computed from the cooc- 85y v THAT
currence distributiol'. using relation (21). s ° T
Using the set of statistical non parametric motion models 80r & 1At
{M_}cec, motion recognition is stated as a statistical infer-
ence issue based on the ML criterion. Given the test set 75 o ; 5 3 .
T, we compute its sequence of maps of multiscale motion- number L of scale levels

related measuremeni$ and the associated temporal and
scale cooccurrence distributiofz?). To determine its ~ Figure 2: Motion recognition results for the video base

motion class:?, we again resort to the ML criterion: presented in Fig. 1 using Temporal Multiscale Gibbs mod-
els (TMGM) with L € [1,4] and Temporal Gibbs Models
= arg max P, (2) (TGM) (L = 0). We report the average and the stand-
(27) ard deviatiomAr of the correct classification rate computed
= argmax [, o T(ah)] over the eight motion classes.
ce

This only involves the computation of eight dot products TMGM, whereas we get onl92.4% of correct classifica-
{@ . o T(z")} between model potentialsl v }cec @d  tion using TGM. The best results are obtained using TMGM

cooccurrence distributiori¥(a*). with L = 3 for which the mean classification rate is higher
than99% with a standard deviation lower than Thus, the
5.3 Motion recognition experiments explicit combination of spatial and temporal modeling of

motion information through the proposed multiscale frame-

All the experiments have been conducted using the follow- work outperforms the TGM method. Besides, the average
ing parameter setting. Quantization of motion-related meas-rate - decreases wheh is greater than t@. This is due
urements involve 64 levels within range, 8]. We have  to the combination of two elements. First, the values of the
considered different values of the numteof scale levels,  terms close to the diagonal in scale cooccurrence distribu-
from 0 to 4. The scheme used for model complexity reduc- tionsI'! (z) become higher over scale. Second, the more the
tion leads to keep only0% to 20% of significant model  numberL of scale levels increases, the less influential the
potentials (over about 1000 potentials for each set of modelmotion information captured by the distribution of temporal
potentials¥ x4). cooccurrenceE” () is.

Let us point out that no multiscale information is used if ~ Table 1 provides a detailed evaluation of the recognition
L = 0. In this case, no spatial aspect of motion content is results obtained using the TGM method and the TMGM
captured. We will refer to these models with= 0 as the method with. = 3. In both cases, we report the per-
Temporal Gibbs Models (TGM), whereas the models with centage of correct and false classification for each motion
L > 1 are called the Temporal Multiscale Gibbs Models class. The comparison of the results shows that the TMGM
(TMGM). In the sequel, the associated method for motion method outperforms the TGM method for all classes. The
recognition are resp. denoted as the TGM method and thecorrect classification rate is indeed always greater than to
TMGM method. The comparison between these two meth-97% using the TMGM method, whereas it is comprised
ods will allow us to evaluate the interest of the combined between69.6% and 100% using the TGM method. The
characterization of spatial and temporal aspects of motionmost significant improvements are obtained for classes (A)
content through the considered multiscale modeling. and (E), for which the correct classification rate increases

In Fig.2, we plot the averageand the standard deviation respectively fron83% to 97.9% and from69.6% to 100%.
AT, over the eight motion classes, of the correct classific- In the last case28.3% of test samples of class (E) are
ation rate obtained for the elements of the test/setWe wrongly classified into class (D). Let us point out that
report results obtained using TMG and TMGM with 1 to micro-sequences of class (E) involve a low motion activity
4 scale levels. Average rateis greater thar95% using with small displacements of the anchor person, and the tree



sequences of class (D) include fluttering leaves with motion providing the MPEG-1 news sequences, which are excerpts
of rather low magnitudes. The handling of spatial aspectsof the INA/GDR-ISIS video corpus, and to National Univer-
of motion distribution using TMGM allows us to perfectly sity of Singapore for supplying the sequences of temporal
textures.

discriminate elements from classes (D) and (E).

A B C D E F G H
A 97.9 21
83.0 4.3 12.7
B 100.
100.
C 100.
100.
D 97.9 21
91.5 2.1 6.4
E 100.0
2.1 28.3 69.6
F 100.
2.1 97.9
G 100.
100.0
H 100.0
2.4 97.6

Table 1: Percentage of correct and false classification for
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