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Motion Recognition Using Nonparametric 
Image Motion Models Estimated 
from Temporal and Multiscale 

Co-Occurrence Statistics 

R. Fablet and P. Bouthemy 

Abstract-A new approach for motion characterization in image sequences is 

presented. 1\ relies on the probabilistic modeling 01 temporal and scale co­

occurrence distributions of local motion-relaled measurements directly computed 

over imago sequences. Temporal multiscale Gibbs models allow us to 11andle both 

spatial and temporal aspects 01 image motion content within a unilied statistical 

framework. Since this modeling mainly involves the scalar product between co­

occurrence values and Gibbs potenlials, we can formulate and address seve rai 
fundamental issues: model estimation according to the ML criterion (hence, model 

training and learning) and motion ctassification. We have conducted motion 

recognition experiments over a largo set of real image sequences comprising 
various motion Iypes such as lemporal lexture samples, human motion examples, 

and rigid motion siluations. 

Index Terms-Nonparametric motion analysis. motion recognition, multiscale 

analysis, Gibbs models. co-occurrences, ML criterion. .. _ ........ -_ .. .. 
1 INTRODUCTION 

MOTION information is a crucial cue for visual perception. The 
well-known MLD (Moving Light Display) experiments carried out 
in the early seventies [11] demonstrilted that human beings were 
able to recognize activities su eh as walking or getting up simply bl' 
perceiving moving dot lights appropriately placed on the body. 
lnitially, research in motion interpretiltion by computer visiun was 
cledieated to the recovery of 3D motion information from image 
sequcnces and usually relied on the eomputiltion of dense optic 
flow fields known to be <ln ill-p(lsed problem [9]. We believe that 
the complete recovery of motion in formation is not alwavs 
required to ilchieve a useful interpretatilln of motion content. The 
key point for applications such as motion classification [12] or 
action recognition [19] is rather to determine appropria te (possibly 
partial) l'l'presentation of motion information whieh can be easily 
computecl from images while enabling further interpretation. We 
adopt this point of view to acldress mntion recognition with no 
il priori knowledge on the content of the observed dynamie scellPs. 
Our goal is to design a generûl framework to pruvide a global 
chMacterizdtilln of motiun content within image St~qul'nces. It will, 
in particular, involve the design of an appropriatl' motinn-basecl 
similarity measure between image sequences. 

If the classification of gener,ll motion content is sllught, the use of 
nLlnparametric lllotion modeb ilS oppllsed tn 2D paranll'tric motion 
J1l11clels, e.g., affine or quadratic J1lotionll1oclels, appears necessary. 
Incleed, the liltter C<1nnot account for ,1 large range of J1lotion types. ln 
that (ontext, Nelson and Pola na 1121 introcluced the notion of 
lt'mporal textures which refl'rs to Ilonstructured dynal1lic scelles 
su ch as 11uttering lea\'es, or river SCL'nl'S. They foJlowed ,111 approach 
originally developt'd for spatial textlln' an,llysis to characteri7.l' 
distributions of local mntioll-rl'Iiltl'd 1l1l'ilSllreI1ll'Ilts in images from 
Ctl-LlCCUITl'nCl' slatistics. The rl'sulting description C<ln bl' intE'rprell'cl 
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in terms of motion activity. New developments in that direction 
have more rl'cenlly becll proposed for Illotion-based video indl'xing 
and retrieval [5], [6], [H], [19]. 

We further investigate sllch an approach and we introducc new 
probabilistic motion models with a view to handling both spatial 
imcl ll'mporal properties of image motion content within a unifil'd 
statistical framework. The proposecl temporal multiscale Gibbs 
moclels are exploited for motion recognition whill' considering il 
wide range of motion types, from rigid motion situations to 
temporal texture samples. The remainder of this paper is organized 
as fol\ows: Section 2 outlines the generill ideas supporting our work. 
Section 3 describes the considercd local motion-related measurl'­
ments we llse for nonparametric motion modeling. ln Section 4, the 
statisticalll10deling of motion information and the estimation of the 
introduced modl'ls according to the Maximum Likelihood (ML) 
critl'rion are addressed. Section :-; is specifically concerned with the 
motion recognition issue. Experiments are reported in Section ô and 
Section 7 con tains concluding remarks. 

2 RELATED WORK 

Global motion characterization can be based on different types of 
motion measurements from image sequences. Motion-based fea­
tures can be extracted from dense veloeit)' fields computed using 
optic flow methods ilS in [11 or issued from MPEG motion vectors as 
in [31, if MPEG-cocled videos are processed. Dense optic flow 
estimation remains a difficult task ~'speciilJly for cOlllplex dynillllic 
scenes such as temporal textures. Besides, the accuracy of 
lvll'EG motion vectors is often pOOl' and extrelllely dependcnt on 
the MPEC encoder. Furthermore, the physicdl reliability of the 
Ml'EG motion vectors is qUl'stionable since their computation rely 
on image coding criteria. Motion-based features extracted from 
dense velocity fields Llsually correspond to first-orcler statistics 
(histogram [3], mean values in difterent directions Il]). ln this case, 
considering higher order statistics, as in texture analysis, apppars too 
compll'x sincl' velocity measurements arc two-dimensiollill vectors. 
If co-occurrence statistics \Vere computed on vl'locity fields with 
N levels of quantization over the vertical and horizontal directions, it 
would result in a co-occurrence matrix (lf size .v '. Therefore, scalar 
motion-rclated ml'asurements are more suitable, even if thl'y onl)' 
con vey partial motion information. 

Let us point out that motion chilraclel'izatinn shlluld aCCllunt for 
ternpor,ll and spatial properties of image motion content, ilS 
illustraled in foig. 1. By spatial properties, Wl' mean the spiltial 
pattern fonnl'd bl' thl' local motion measurements in a given 
illlilge. Specifie patterns l'an be easil)' figured out in case of global 
translation, rotation, or zooming, for inslance, but spati,d p,lttl'rnS 
can b~' associated with more complex situations, too. Temporal 
properties (an be analyzecl on Eulerian or Lagrilngian basis (i.e., at 
a fixed image grid IUCiltion lJl' alllng the trajl'etury of a gi\'en point). 
Thl' fUrIner is e,lsier to cllnsider and supplies informi1tiull relative 
to the temporal variability of thl' mution content. 

Sp,lIial aspects (lf motion content iHl' the main fOCLlS in [12], as 
Illotion-based f('atures extracted from spati,ll (o-occurrl'nces of 
l1urmal flow fields are exploited to classify sequences eithcr ,1S 

simple rnotiuns (rotation, translatillll, divergence) or dS temporal 
textures. In II-l], different spûtial motion-based descriptors, also 
clllnpuled from normill fi 0 1\' fields, are consideree! Llsillg other 
techniques developed for texture '1I1alysis. To t,lkt' into ,lCcount the 
tem!,lll,Li propertil's uf image l1lution clistributiUIl, we pre\'ioLlsI)' 
pruposl.'d tUl'xtl'acl glob,lll1lption-b'lsl'd fe,ltures from tl'mp(lral co­
occurrences ofloCilllllotion-related measurell1L'nts in l'i]. In [19). the 
focus is iLis" given tu tl'mpnriLi ft'alurl's by Illl',lllS of histogrdllls of 
Iucal l]uantitil's (spati,d ilnd tempor,ll inll'nsitv deriviltives) com­
putcd ill diffl'fent temporal sCiLies. Il I1l'Vl'rtl1t'lcss ,1ppl'<lI'S more 
rl'il'\'ill1t tn combine spalial ,lnd tl'lllp,\r,Ll l!1otiull infllnn,llion to 
sucêessfully iKhi'.'\·l' motion chilr,lcll'ri/.,llioll. ~uch "Il attl'Illpt hilS 
hl'L'11 im'l'sligillecl by lISillg Sl'Mio-lempllrill C;,lbor filters ilPl'lied III 

i III il gt' inll'nsities Il,'11. 



2010 1620 
Reprocluction, representa/ion et diffusion interdites. Loi du 01/07/92. 
IEEE TRANSACTIONS ON PATTERN ANAL YSIS AND MACHINE INTELLIGENCE, VOL 25, NO. 12, DECEMBER 2003 

anchor shot river scene 

~'~0{AyA(~ 
~ i 10 l'~ :IÎl ~ 

Fig. 1. Illustration of spatial and temporal properties of apparent motion witllin image sequences. For two sequences involving very dilferent molion contenls, we dis play 
tlle lirsl Irame of Ihe image sequence, a map 01 quanlized local motion-related measurements as defined in Seclion 3 and the lem parai evolution, over 25 successive 
frames, of the local motiun-related quantily compuled at Hw image cenler. 

Howl'I'l'r, the use of only numerical (global) mot'ion-based 
fcatures is limited. Statistical modcling has already proven its 
ability tn supply Ocxible, gencral, and efficient frameworks for 
c1assificillion and recognition issues. In pmticular, the introduction 
of probabilistic l1lodels, such as Cibbs randol1l fields, has led to 
import,lnt ildl'anœs for texture analysis [2], [15], [20). Probabilistic 
models hilVc also beell considl'red for temporal texture synthesis 
ilnd reco).';nition [71. [161. [17], but the del'eloped solutions are sl1ited 
ior ilppearilnce change modl'Iing and not really for gener~! motion 
informMioll ilnalysis, We have ,1150 further investigilted the ana!ogy 
bl'lwel'n texture ûnillysis ilncl nonpilrilmetric motion allillysis and 
stiltistical nonparilmetric motion models have been introduced [6]. 
We ha\'l' made LISl' of Cibbs models since there is an explicit 
rt'Iiltionship bct\\'et'n (O-(lCCUrrenCl' l1lt'asurements and Gibbs 
mocleb [20]. The probilbilistic mlldl'Is designed in [6) adopt a causal 
formuliltion of the problem, since the computiltion of the normal­
izing (onstilnl of the (onditionill likelihood is th en eilsy and even 
explicit. Such il property is of key importanCl' for reco!:,'Ilition or 
classification issues, ilS they require the compdrison of the condi­
tional likclihoods of the observations (herl', local motion-relatl'd 
meilSUrl'ments) for diffl'rl'nt motioll Illodl'I,. Here, we ex tend our 
pre\'ioLis work [61 in threl' ways. First, while keeping the key 
chilrilcteristics oi the tempnrûl Cibbs mlllieis involving the exact 
deriviltion (including the normalizing factor) and low-cost compu­
tiltiun (lf the ilssociated Iikelihood function and tht' direct 
ML estim,ltion of the models, IVe propose' temporal and Illultiscale 
Cibbs modl'Is to represent both temporal and spatial properties of 
imilge motiun content. Second, we hilve improved the computiltion 
ilnd the qUilIltiziltion steps of the local motion-rt'!,lted measure­
ments, which is of key' importilnCl' to the l'Valu,ltioll of l'diable co­
OCCUITL'Ilel' ~tiltistics. Third, \l'l' de,ll \Vith Illotion recognition, 
\\'1ll'fl'dS in 16], \l'l' \l'l'rl' eoncl'rIlt'd with \'iejpo indexing ilIld 
(quc'ry-bY-l'xilIllpll'l rl'trie\'ill issues 

3 

3.1 

MOTION DATA COMPUTATION 

Local Motion-Related Measurements 
TIl(' Optic l'loI\' COIlstr,lÎnl Equiltion (OFCE) relates the intensity 
cleri\·,lti\'l'S to the displilceIlll'lli W(/,) al point l' by assuming 
brightnl'ss ((lIlst<1ncy along tr<ljl~ct()ries [91: w(v) . \1 J(f'li J/ (l') = 0, 
wht'n.' \II is the sp>ltiill grilclil'Ilt (li the inteIlSity function f and f/ its 
Il'IllpOI',ll dl'ri\·,lli\·c. Wc' Cil Il IIll'n infcr the expression (lf the norm,ll 
no\\', l',,(ri) =c -11(/')!!i'\/(l'llll'XI)loitl'd in [12], /141. f-1olVever, Ihl' 
Iilttl'r is kJlo\\'n 10 hl' \'L'rl' Sl'Ilsitivl' 10 tl'll' noise altilchl'd tu thl' 
(OIllputi1tion (lf the intl'Il5it)' grildieIlt '\ f.;\ \\'l'ighted average of the 
Ill'l).';nitudlè of nmIllill ilows within il IOCill \Vinclow forms il Ill()rt~ 

rt'Iiabll' Illlèasu reIlWll 1. The \\'eights ML' givl'n by Ihl' spatial inlensily 
)~radil'nt norIllS, ,15 f,roposl'd, ior instilllCl', inIIJ): 

(II 

\\'l1erl' Fi!') is ,] :\" :\ winclow Cl.'11krt'd "n illl'lgl' f'"int l', and ,," ,1 
11rt'tll'lt'i'fllilll'd t.-l)IlSLIllI rl'l'lll'cI lollw Iloisl.' In'cl (lypicilll\', '1 C,). 

This measure l',,',,(IJ) conl'l'ys no information on Illotion direction, 
I-Iowever, wc are not interested in detcrmining specific motion 
values or actions, but we aim at supplying a global charilCterization 
of the c1ynamic content of image sequences intll relevant "qualita­
tive" motion classes or l'vents. Contrary tn ['12], [14], wc do not 
exploit the direction informiltion illtached to the normal f1ow, which 
are definecl by the spatial imagl' gradient. [n faet, they only reveal the 
spatial texture presl'nt in the image, whereils we areconeerned with il 
general description of motion content incll'p<'nclently of the texture 
(or color) of the surfaces of the objects Illo"ing in the depicted scene. 

An interesting feature oi the motion-related ml'ilsure given by 
(1) is thilt we can exhibit bounds ln evaluate the rl'Iiability of the 
informiltion it eon\'eys. Civl'n il Illotion Illagnitude .6., one can 
deril'e two bounds, /JilJ) and ]'J{fJ), \'l'rifying the iollowing 
propertit's. If thl' motion-reliltl'd mt'ilSU l'Cillent 1'"/,, (,1) is smililer 
thiln 1.0. (jJ), the magnitude of the rl'ill (unknown) c1isplilccment 
w(p) ilt point IJ is neccssarily lovver than 2>. Cmwersely, ii 1'"t.-lIJ) is 
higher than LJ(/J), IIw(fl)11 is necessilfily greater thiln .6.. The two 
bounds /JiI') and J_J(/J) arc direclly computecl from the spatial 
clerivilti\'es oi the intl'nsily function within il small windnw 
centered on point IJ [13J. Anothl'r issue is tll co pl.' with the 
shortcomings of the OFCE. The OFCE is known to be expltliti1bll' 
only for smilll c1isplacements ,lIld to becoml' invalid in occlusion 
ilrl'JS, ol'er motion discontinuities ,md l'\'l~n on sharp intellsity 
discontinllities. Hence, We hill'e now settled il multiscale schel1le 
and used the likelihood test designed in [BJ to e\'illuate the validity 
of the OFCE. Wc bllild Caussian pyrilIllids for the processed pair 
of successive images. Then, olt each point l', Wl' select the finest 
scale for which the OrCE is l'alid and IVe computl' at that scale the 
Illotion-relatec! l1leasurl'l1lent /,,,,,,(,1) and ilssociilted bounds /.0. (/J) 

ilnd LJ(fl). If thl' OFCE l'l'm,lins iIl\'illici 'lt illl SCilles, we do not 
compute an)' motion meilSl1rernent ilt point IJ. 

3,2 Markovian Quantization of the Local Motion·Related 
Measurements 

To eVilluate CO-OCCllITl'IlCeS 01 the Illotioll-rel,lled IllCdsurt'lllents 
1'"1,, li'), ~ qUilntiziltion stl'p is iirst Ill'eded. lt is ,llso prefL-rable tn cope 
with discrt'tl' stiltl'S for modt'I estimation alld SIOr<l)',l' issul's. 
rurthermore, the definition of a qUilntizalioIl r,mge CllIllmOIl 10 ail 
tht' prllcl'ssl'd image Sl'qul'nct's is il rl'C]uirCIlll'Ilt tu pI'llpl'r1y 
lc'villuilte simililritil's bl'twl'l'n iIllilge Sl~L]ul'nCl's. /\ slr,lightforward 
,1Ilcl low-cost solution is to liIll'MI)' qUilnli/l' tilt' Illlllitln-rl'iated 
Illl'ilSuI'('Illents /',,1 .. (fil ilS initially dOI\t' in 151, [61. 1-lo\Vl'\'l'r, olS shown 
in [41, it may IlUt be ildapll'd to ail molion conll'nts ilnd tlle 
inirnductiull of contextuili inforilliltion Cilll !ol' bencfici,ll. Wt' have 
l'Xpillited tht' coniidl'nce bounds ilSSllCi,ltl'd 10 the IllC,ll Illotitln­
rl'Iiltl'd Illl"lsuremeilts to ddinl' ilIl l'fficil'IlI qU<1IltiZilliull schell1e 
sl<lll'd ilS il M,nkllviiln labl'Iing issul'. i\ Illdjor I-l'sull is th,ll tlll' 
qUilnlizt'c1 valul's GlIl no\\' Loc considcrl'd ilS olpprt1ximaliulls pl Ihl' 
Illagnitudes of the real (unkno\\'n) cl isplilCl'nll'llls. Cil'l'Il .\. tllL' Sl't of 
ljUilIlIi!.l'd \',llul'S of 11ll' IllolilH\-rl'l,lll'd 1l11.'dSUrl'Jlll'Ilts, .\ - {l'II ~ 
Il. /.'1 ./" .... , // \.1 with Il .. 1.'1 1.' \1, \\'l~ dt'tL'l'IllillL' tlw interv,ll 
il', 1.//,; within which Il\(' 1ll,1).;J\illide of thl' l'l',] 1 (lInkllllIVIl) 
d iS f11:lL'l'll l l'Il 1 ilt poinl l' is IllllSI likl'Iy III lilii. III ildditillIl, our 
i'vlinkll\'i,lll lal1L'ling schellle illlo\\'s LIS III CIlI.'t' wilh spurillus IOGll 
Illl"lSlIrCnlL'Ills ill il Wl'II-I\H'fllilli/l'd \\,,1\'. i\S dl'IlWIlslrdll'd bl' 
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Fig. 2. IIlustralioll 01 the conditional dependencies involved in the temporal multiscale Gibbs 1l10dels defined from temporal and scale co-occurrence statistics. Given a 
point l' at instant h, X"(I') ~ {.\'~'(/I) ..... Srll'l! is the vector of motion variables corresponding 10 scales 0 ta l,. F'" (.\':-II'iI.ï~ ,II') 1 and (/\,1 X; Il'IIXi' '1/'111,. 1" 1. " 

are conditionat likelihoods 01 Ihe transitions involved by the temporal multiscale Gibbs model A,t. 

experiments reported in [41 considering pure known motions 
(translation, rotation, zooming), our Markovian quantization yields 
quantized values closer ICl the magnitude of the renl displacements 
than a simple linear quantization. Objective evaluation was 
performed between the maps of quantized values derived by thl' 
two quantization methods and the map of magnitudes of the real 
displacl'ments (ground-truth), using the global mean square l'rror 
and L, distance between motion histograms. 

Let liS formally describe our Markovian quantization. Let 1::' be 
the spatial image grid, (= (r 1')1"'(' the qllantization label field 
where each label takes its value in 1\, and () = (/'"/,,(/

'
)).,, JI. the Illap 

of local motion-related measurl'ments. The solution is given by the 
minimization of a global energy function U as follows: 

f = ar~ 1l1Î',! 1 f(e, (J) == Hr~ lIlill [{l, (1. (1) + /l,(I·)]. (2) 
1":'\" ,.,,\1; 

where the ent'rgy functilln (.1 split::; into a data-driven (erm U, (l', 0) 
and a regularization term Il,(1'). ln addition, U, and U2 areexpressed 

as the slim of local potentials: [l, (r', (i) = LI"'" \/, h .. Pnl,., (]!)) and 
U,ic) = I::'i'JII"C li· p(el, 1"1)' C dellotes the set of binary cliques of 
the4-connectivity neighborhood and .:1 is il positive factor setting the 
influence of the regulill'ization term (in praclice, d is set to 2.11). fi 

designates a hard-rt'descending lVI-estimator, here Tukey's biweight 
function [Hl], and i1110ws us to preserve the (unknown) disconti­
nuities present in the motion field. Given a quantization IevelIJ, with 
it: (l, .... IAi}, putential \''('',,l''J,,(/I)) <,valuates how likely the 
magnitude of the real (unknown) displaccment at point f! is 10 be 
within the intervill [l-', ,.1 1,]. It is given by: \ 'dI J,. "",,-,(1')) = 

S'III'I.,., ,1.i'1(1',,/,,{f))) -1 11I.f",I/"(I',,I,,'(l'll . .':,'111'1. is a continuous step 
function ccntert'd on L, and 1 Il fi is the opposite of il step function 
centered in l, both shifted tn bl' Ivithin Ill. 1]. Minimization (2) is 
solved using an [CM-style illgorithm, and the initialiZiltion is given 
by considering only the data-driven teTm in the minimizalion. T\\'o 
examples of rnnps of qWlIltized Jl1otion-reliltecl measuremenls art' 
shown in Fig. 1. We consider 04 qUilntiziltiol1 levels wilhin jll. 8[. 

4 STATISTICAL NONPARAMETRIC MOTION MODELING 

4.1 Temporal Multiscale Gibbs Models 
[n order tn ilccount for bolh the spatial and ternporûl pmperties of the 
ill1ilge motion conlent, we have cksig'll'd .1 multiscûle statistical 
fr,lInework. Cin'Il il sequence.r of \1\aps of qu,lIltizcd motion-rela ted 
l11l'ilsurl'ml'nls, wC' fOrIT' ill l"Kh illhlgl' point il "eetor of motion 
nwasurell1t'nls cllmpulPd ill clifferent SCilles, insleild of eonsidering 
only one singiL' '·'llue. Ll'Ills considcr .1 sequence' of [,' 1- 1 mars oi" 
qUillltized /l1otioll-rl'i'lled 111l"lSlIrt'llll'nls ,. ~. ("". r'i ..... "),) COln­

pl/ted Fro/ll a SCé[lH'llce of l,' I~ '2 fra'lll";. Fro/11 llll' se'1l/l'J1CL' ", 
IVl' bllild il Ill'IV Sl'QUl'J1Cl' .,. ~~~ 1.1'" . .1, .... .1"),). Fur k ,~: 1:11. I\T, 

:L'A(p) is definecl as the vector of l]uantized meil5ures (.,.~{fl) = 

/l;-(p) , "', ,r(:(p)) computed at successive SCilles () lo L, by applying 1. 
Gaussian filters of increasing variance ln the map 1'1 at point /,. 

Similarly to recent work on texlure ilnalysis [2], [15], we exploit 
scale co-occurrences to chnrilcterize spatia 1 imagl' motion prnpl'r­
ties. For 1 E HO, L - Ill, the SCille co-occurrence distribution Cl

(.,.) is 
given by: 

l,' 

\;1(/1, l!') E ;\., , [,I(l!, 1/1.1') = 2 ___ I: b(l/ .r:.(f)))"(Ji'- .1';" (II)). (:\) 
k~_1 Il.:/( 

with h the Kronecker sYlllbol. To account for It.'mpor<ll motion 

content, we consider temporill co-occurrences ilS in our prl'vious 

work [5], [61, but the temporal co-occurrence distribution ['1.(.1') is 

now defined as: 

), 

\;I(I-',U')EA", r'·(IJ,u'[J-)=I:I:rI(JI--.ri·(/IJ)rI(l/ .r~ ,(/1)). (~I) 
b.1 Ili~R 

To maintain a cilusal global furmutltilln, the temporal co­
occurrences intervene between the motion qUilntilies, respl'ctively, 
ilt scale [) at time k -~ 1 and at scale l, at tin1L' 1 ... The underlying 
model is graphically formlliated in Fig. 2, which exhibits the stated 
local conditional dependencies. Tn l'lefine a probabilistic motion 
model capturing these co-occurrence st,1tistics, Wic' cnnsider tllL' 
MùxiIllUIl1 Entropy (ME) princip le, abo uSl'd in 1201 for texture 
synthesis. The solution is a Cibbs distribution which l'an expressl'd 
in the following l'xponenti'll fmm (st'e [4], [201 for details): 

where \1/\'1 • ['1 (.1') is the dot product between tlll' tl'mpo/,<ll (for 1 = /, 

by convention) or scale (1 E- 111l. L - IJll co-occurrence distribution 

rlc}') and potentials \]/1\.1 of the model /v1: \1//'1. [/(.1'1 -~ ?~" "1-.1' 

'1 11\,(11./,') ·rl (II,II'I·r).l'otentials \j/.ll ~c {'l'/'If·~ {q'/li i/,.II'I} expli­

citly spl'cify the distribution T\'I (.1') associall'd tll mudel, ~.(. As givL'n 

by Fig. 2, thl' key point is that this probabilistic modl'Iing hils an 

l'quivalent causal formulation in ll'rms of producls of (ondilional 

likelihoods 141. Sdting the following constrainl nn model pulenlials: 

'V (1 , 1/) '= 110. [,i; .. : ,\, L, .. 1 ('XI' \11'\,1'1,.//1 l, 1\,1.1'1 i" l'.Xilctl)' 
givL'n by: 

(fi) 
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Il'I1('re tl1(' nnrmalizing filctor ;;: l'quais IRI I
. ilnd is finally 

indepencknt on model /\.,./. 
Su ch a complete l'xponentiill formulation presents se\'eral 

intercsting featurcs. Il Illakes the computation of the conclitional 
likclihoocJ l\d.r) for anl' sequence :r and model j\lt feasible and 
simple ilS explained below. Il is not necessarl' to store the entire 
seqllence .1' to l'valuate the conditional likclihoods {l'J.!. (.1') f \Vith 
regill'd to models {.,vt, f for a gi\'en sequence .1'. We only need tD 
compute and store the corresponding temporal and scale co­
occurrence distributions r'(:I'l, and the l'valuation of the likelihoods 
{/\,(,I')f only requires the computation of {IIJ. l /, .1'(:I')f. Besicles, 
motion recog-nition or classification can be straightfolwardly 
forillulateci using the MI. or rvlAP criterion. In addition, the 
nonpredcfilll'c1 pilrametric l'mm of the rl'sulting motion models 
allows us tll chiHacterize complex multimodalmotion distributioll. 

4.2 ML Estimation of the Motion Models 

Civell ,1 sequence of observiltions ,/', we estimate the potentials 

{IIJ>, (1/.1/ 1 JII".'i",[II.I.,I .. 1' of the motion n2.<:lclel .,C;( which best fits .1'. 

We adopt the ML criterion, that is: jli( = ml-', 1l1<1X.ll l'.ll (.1'). As 
c1etililed in l'lI computing the ML model estirniltl' ml'rl'Iy inl'olves 

the l'valuation of the l'Illpirical rnean oi the observed temporal 

and sCille tr,lnsilions. This Il'ild;; tn: 

V(I.II.,/) E 110./.11 x i\", 

ljJ/~ (11,1/) = III (,., (1 1,1''/.1')/ L 1'/(1/,.1/
1
.1))' 

.\( Jr".-.\ 

(i) 

The fVII..l'stillliltionof the nOllp,lrametric motion moc/el ilssociateJ to 
il sequence.r is tllL'n directly deril'ed from thl' cornputZltion of thl' set 
(lf temporal and scale co-occurrl'nce distributions ['(.1'). For a given 
discrl'te state space;\ and a nurnber 1. of sCille 1l'I'elS, the cornplexity 
of the temporal and Illultiscale Cibbs Illodels in terms uf nUlllber of 
coefficients is equal to (l, + 1) ·IAI". For instance, if we consider 
64 l1uantiz,ltion [e\,[>ts for the motion-rl'[ated meilsurements ilnd 
three sCille ll'I'els, Pilch motion model will cr>rnpriset6,12S poten­
tials. To rcdueL' the model complexity and select the most 
informative potentials, we hal'e adaptee! tlw technique proposed 
in [6] for telllpor.d Cibbs lllodeis. Il relies on the cOIll~l<lrison of the 
ratios of tlw likl'Iill(loc[ function corresponding 10 thl' full fvlL modl'I 
imd the reduŒd model to il predl'iined precision thrcshold ,\. It 
proCl.'l'dsby prugrcssil'dy introducing Ml. pOIl'lllials in the reduCL'd 
lllodei in iln ilppropriiltc urder [6J. 

5 MOTION RECOGNITION 

5.1 Training Stage 
\VL' l'an considcr il su~)eJ'\'ised rl'cognition lask. Wc ,1SSUIll(.' tu bc 
pro\'idecl with .1 sl'! C of qUillitatil'e motion classes, rl'11rL'Sl'lllcd by 
diffcrL'nt imagl' scqul'ncl's, including a traininf', set .A, fur l'ilch 
CI,lSS ,. '= C ilnd il kst sl'! T. Ci\'en il ClilSS ,. t" C, the Il'<lrning stage 
consisls in L'stilllilting the ,1ss(xiatL'd stiltistic,ll !1lotion model .I/t,. 
For em:h l'Il'Illcnt (( (C A" wc compute thl' sl'ljlll'ncL' of m,lps oi 
Illull'iscale Ilwtion-rclall'd lllL'aSUrel1wnts .r" and the rL'l,lted sct of 
temporal illle! SCille C( l-()CCUITellcc d istl'ibu tions 1'(.1'''). Wc tllC'n 
l'Sti/llilte tllL' [V1L Illockl . Vt, that Lll'st lits the obscrl'.ltion set 
{.r"L'A' Wc soin' fOI': .~t, . ilrf2;llIaxll[IL.-I. 1\,(.1"');. Using tIlt' 
L'xpollcntial L'xprCSsillll (If I\d.r") gil'cn br rl'l,ltillll (Ii), \l'L' obtilin: 

Sokillg for (H) [l'ach [li tI,l' ulrill'utation of thl' IllL"111 ClHICL'llrn.'IlCl' 
stdtistie; UH'I' llll' sd of ClH1CCUITl'nCL' llliltril·l's. [1' II'l' lil'Ilotl' hl' 
l': (J', ,,') ~ }-=, ... 1. I·'il'. '(,.r"), J'otl'Ilti,ll;; ,lI'(, clin'ctl\' L'stirn,ill?d inll;l 
Ihl.' IlWilll ClHllllllït.'IlL'l' ll1i1lrix 1', lIsing (7). 

5.2 Classification Stage 

Using tlw set of modl>!s lA-t. L.l" the IllOtiOIl l'l'cognition problem 
can bl' statl'cl ilS il statistical inferenCl' issue based on the 
NI L criterion. Ci\'en 1 in the test set T, we compute its sequence 
of maps of multiscale Illotion-reliltecl measurernl'nts .r' and the 
,1ssocÎated temporal ilnd scalt' co-occurrence distributions "(.,,'). 
To deterrnine its motion class ('1, IVe ilgain l'l'sort to the 
1'.1 L cri terion: ,.1 c. ilrf2; IlIilX,q' r ll, (."J) ~ il!'), IIIi1X,. c[IIJ. l, .• ('(.I·J li. 
Let us agnin stn'ss that this classification step only illl'ol\'es the 
computation of 1 CI dot products {lIJ l.

" 
• 1'(.1") J behvl'en !1lodel 

potentials {llill. f,.,<, and co-occurrence matrices l'(.rJ). 

6 EXPERIMENTS 

6.1 Experimental Set of Image Sequences 

The motion recognition experiment Wl' have conductecl on l'cal 
image sequences comprises eight classes. The set of processecl video 
sequences involves different temporal textures, rigicl motion 
situations, ilnd human !1lotion samples. More precisely, it con tains 
four kincls of temporill textures: wind blown grass (a), gentil' sea 
Will'eS (b), rough wilter turbulence (c), and wind blown trees (d) .. A. 
class of anchor shots (e) of loI\' motion actil'ity, ilnd t\\'o classes 
rl'Iatecl to rigid Illotion situations, l1loving escalator shots (f), and 
traffie sequl'nccs (g) Ml' also addeel. Thl' last class (h) l'l'fers to 
sequl'nCl's of a pedestrian \Val king eithl'r from Icft to right or from 
right to Icft. blCh motioll class, exccpt class (h), is representee! bl' 
threl' sequences ofl on frames. Class (h) includl's JO sequences of 
JO imagl's ((il'e shots illvoll'ing a pedestriall moving fmm left to 
right and five <I1lL'S with ,1 pedestrian walking From right to Idt). 
Fig. J contains onl' im,lge f'l'presentatil'l' of l'l'cry sequence of each 
c1ilSS (for ClilSS (h), we have sclected th rel' sequences Jmong 10).1 We 
believe th,lt, e\'l'n if this motion recognition experiment can be 
reg a rd cd as sOllle\\'hat "ilrtificial," the prnvided set of l'cal eXill1lples 
providl'S a realistic (while controllecf for objective' cl'aluation 
purpose) and cOIll'incing Lll'nchmark ill\'olving a \Vide range of 
motion content (lf \"lrying difficulty with classes no! l'as)' to 
d iscri m inil te (from tllei r motinn con ten t, as the Sl'rna n tic in terpreta­
tion of the scene hast not been considercd here). It cou Id be 
compared tll il cL'rlain extcnt to the Brodatz image set used for the 
l'valuation of tcxlUI'e analysis methoe!s. 

LlCh image sl'L]Ul'nCl' (lI' Ille' video set describl'd ablll'l' is divided 
into "microsl'qul'ncl's" of six images. We thus obtain ::;7 silmples in 
each motion CI,15S, which means thilt wc consider a set of 
.f56 microsequl'nces. The first 10 rnicrllsequenccs of the first sequencl' 
of each clilSS (,1) to (g) ilrL' USl'Ô ilS the training clatil. For class (h), sinCL' 
the sequences contilin only JO frilmes, the first five subsl'L]ut:'nCl's of 
the first two sequences of this ClilSS are included in the training set. 

Finillly, Wl' obtain il trilining set fnrmed by Sllmi(['osequl'Ilcl'S, and il 
test set inc:lucling 376 microsl'quenCl's. 

6.2 Motion Recognition Results 

Ali the experiment~ have bl'en ((){lei Llctl'd \Vith tllL' sa me paraml'ter 
settings. The MMkol'iilll quantization oi motion-rclated rneJsurl'­
ments inl'lIll'e 6-1 Il'I'l'Is within range [II. KI. The III (l(h.'1 (ompll'xity 
rl'duction step, \Vith ,\ set tll (J.!J!), resliits in the retL'nti(ln of (1/1ly 
ilbout Hl percent of significa/lt ll10del potentials (Wl'r ilbOl.lt 
I,(](]() cuefficil'nts Fm l'i1ch set of model potentials Ill\!. In terms of 
computatiun,ll tin1L', thl' Cjuilntizatio/l stl'P rl'quires ,lbout o Ill' 

second tn pmc!'ss ,1 pilir of Tor, >, '2",i, imagl's using il :=;OOMHz 
\\'lIrkstation, whiJc> thl' computatioll of ClHlCClIITcnCl' st,ltistics ilnd 
1ll00iL'lestilll,ltilln èll't'complcled in iL~ss Ihan OIl('sL'cOllCl.I,L'lus l'()int 

1. Thl'duthor!-' ,ln.:' gr,lteful tn f:\i:\, Lk".lllrh.'nll>rlt fnl1l1\'dIIIHl, Uin'clillll dl.' 
1.1 "l'clll' f'c Ir l', 1'''1' l,rl1\' id il1g llll' 11l'\\', sc'qul'ncl'" CI 1. l 'c'h "'hl L.I'. Clll.'OI1).; 

dt the f\:,lli(Hl<ll Lnin.'r~it~: pl 5ingilpOrl' fur pr{)\'i(lin~, ll'llIpnr'l! tl'\turL' 
S<l/lll'!l'S, ,1111..-1 L. Hnllltl ,111d Il 1'l'llL'rin Irolll I~'PC/L!S f()r f)rli\'iding 11lII1l,lrl 

llllltilHl s('qllt'ncL'~'. 
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(a) (b) 

(c) (d) 

(e) (1) 

(f) (h) 

Fig. 3. Experimental video set: for every motion class, (a)-(h). one image is displayed for each sequence of the motion class. The eight 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 scene, 
and (h) pedestrian walking. 

out that no multiscale information is used if L = O. In th,1I case, no 
spatial aspect of motion content is captured. lt corresponds to the 
simple Temporal Gibbs Models (TGM) introduced in [61. ln these 
experiments, the motion recognition method is rdl'fred to as the 
TMGM method when considering the Temporal Multiscale Gibbs 
Modds with L 2: l, and as the TGM method otherwise. The 
comparison between the two methods will judge the improvernent 
brought by the combined characterizatiol1 of both spatial and 
temporal aspects of motion content conveyed by the temporal 
mliltiscale modeling. 

The plot in Fig. 4b depicts the average T and the standard 
dl'viation 6" over the eight motion classes, of the correct classifica­
tion rate for the elements (lf the test set T using the TGM mcthod and 
the TMGM method for 1 to 4 scale levels with redllCl'd models 
(À = 0.99). The average recognition rate T is greater than 95 percent 
using TMGM, whereas we get only 92,4 percent Di correct 
classitïcation using TCM. The best rl'sulb Me obt,lÎI1ed llsing TMGlv! 
with [, ,= :.1 for which the meiln classifiGltioI1 rate is higher than 

::[ 
1 

95

1 
92.4 

9Q 

B5 1 
i 

BD! 

1 

751. 
0 

'1 99.5 
7 

1 2 3 
number L of scale levais 

(a) 

96 

4 

99 percent with a standard deviation knver than 1. Exploiting both 
spatial and temporal properties of motion content with the proposed 
multiscall' framework outperforms the TCM method. In addition, 
the average rate T decreases when Lis greatcr than J. This is due to 
the cOll1bination of two factors. First, the values of the clements close 
to the diagonal in the scale cn-occurrence matrices lx'collle higher 
over scale. Second, the more the nllmbl'r L of sc,llc levels, the less 
influl'ntial the motion in[mll1ation Glptured by the temporal (0-

occurrences. 
Table 1 supplies a detailed evaluation of th l' recognition results 

obtained with the TGM Illcthod and the TMCM ll1ethlld for {, = :1. 
For both methods, wc repmt the percentilge of C()f'l'ect ,lnd false 
classification for l'very motion c1ass. The comparisnn of the reSlllts 
dell10nstril tes that the TMGM method ou tperfonns the TGl\·j mcthod 
for ail classes. The cml'L~ct classification rate is indeed always greatcr 
than 97 percent fm the TMGM ml'lhod, \\'hereils it is bet\\'een 
69.6 percent and 100 percent using the TCM method. The most 
significant improvements are obtaim'd for classes (A) and (El. for 

! 
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Fig. 4. Mollon recognition results lor the vicJoo sel prosenled ln Fig. 3. (a) Motion recognition using Temporal Multicale GitltJs Models (TMGM) will1 /. le 1'.1. 1[: and 
Temporal Gibbs Models (TGM) (1 Il). Wc use recluc8rl moclels \Vilh .\ Il.iI!!. (We report Ihe average, ane! the standar,j devlatlon .:oc of the (oorrect classification rate 
cornputed over Ihe eigl11 rnolion class"s). (b) Motion recoçjnitlon usillg reclucecl moclels. (We plot the aVeraçj8 recognition rate versus Ihe average rnorlel cornplexity: 
mOdE!1 cornplo:(lty rerJuction IS achlov8rj usinq Ihe lechnlque clescritJed in Section 4.2 for ditrerenl values of procision parameler .\ witt\in !II.',.II !!!IJ 
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TABLE 1 
Percentage of Correct and False Classification for the Eight Consideree! Motion Classes 

A Il C Il E F () Il 
,- ---------

A il C f) E F li If 
A ~7,9 2.1 E 100.0 

83.0 4.3 /2.7 2.1 28.3 69.6 

Il 
----U-Hl-, ------------------

" 100. 
100. 2.1 97.9 

C 100. 1--(;-
100. 

L...-.-_ /00. 
I--jj-

100.0 
~ïl n.9 2.1 100.0 

91.5 2./ 6.4 2.4 97.6 

For eacll class, we report resll/ls obtained Ilsing TGM and TMGM melfJOds willl 1. '. :\. For each class, Ille firstline (bold type) refers to tlle TMGM met/md (for instance, 
for class (A), the percenlélge of samples élsslgned ta class (A) and (C) were, respective/y, 97.9 percent and 2.1 percent Ilsing TMGM), while experiments conducted willl 
the TGM method are reparted on the second line (itéllic type). 

which the correct classification rate inCfeilSeS, respectively, From 
ln percent to 97.9 perCl'llt ilnd (rom 69.6 pl'rCl'nt to 100 percent. 
2H.J percent of test samples of class (E) are \vrongly classifiecl into 
class (0) \Vith the TCfvlllll'thod. Let us point out th,ümicroseql1ences 
of c1ass (E) involve a low Illotion acti vit)' with sillalt displacernents of 

the anchor f1L'rson and the trce sequences of class (D) incll1c1e 
fluttering leJves with motion of rather lo\\' magnitudes. 'l'Ill' spatial 
aspects of motion content capturl'c1 bl' the TM CM methocl allOlvs us 
to perfectly discriminate ell'ments (rom classes (0) and (E). 

The plot in Fig . .).1 presents motion recognition results when 
considering different modl'I reduction riltes. We ha\'(' plotted the 
average recognition rate versus the average model complexity. 
Different mode) reductions wert' ,lChievl'd \Vith \'alues of the 
precision threshold ,\ in the rilllge [II.;), Il.!!!)). Not surprisingly, the 
higher the model reduction, the Wl',l ker the ,1verilge l'l'cognition rate. 
It is deillonstriltecl that keeping aboutl,ôOO model potenlials is 
sufficient to obtail1 recognition results equivillcnt to thosc obtained 
with the JvlL models (i.L'., ,1 I11C'<ll1 rCL:ognition rate of 99.5 percent in 
both cases). It reprl'Sl'nts ,111 important model reduction sincc it 
corrl'sponds to select only 10 percent of the ML modellJotenliills. Wl' 
have thus Llesignni ,ln efficient yd p.lrsi nlllnious motion Illodcls tha t 
succl'ssfully ,lChil'\'t' motion recognitilH1 in quite general situations. 

Thesl' experillll'nts focus on the l'\,lluatioll of TMCM \'ersus 
TCM for molion recognilion. In [<il, we hil\'C carried out complc'­
mentilry experin1l'nls \\'hich fa\'llrablv compare TJvlCfvl tn othcr 
apprn,lches (distance bt'lwel'n glob,lI fe,ltures e\traclL'd l'rom 
tCl11poral cu-uccurrl'ncl'S, SPi1titl-tl'lllpor,ll r,llldoill \\'alks l'\',lluating 
bulh Spati,ll ,lnd tl'lllpOl'ill co-occurrences). C;,lussian mixture 
ll111dcls apf11il'd to CO-llCCUrrL'IlCL' distribuliolls \\'l're il!sO in\'l'sti­
g,ltecl. Whilc exhibiting il \'l'ry lu", IlHllkl cOlllpll'xity (about 50 
pdrôlTleters), tlll' use 0 f C;,lllSsi,1I1 III i X tll rL'S ,llso sign i fic,ln tl y cl L'gr ,H.I (' 

l'L'cognition results (IllC,ll1 ,'.1 Il' 100\'l'r than 90 PL'I·cl'nl). 

7 CONCLUSION 

We h,l\'e prcsenll'd ,1 unified IlllllPdrilllll'll'ic stillistical molioll 
Illocleling frilllll'\\'urk in orcier tu charilClc'ril.t' !llotioll contl'nt within 
illlûgl' Sl'ljUl'IKL'S. TIlL' inlTuductiun of ll'Illporal lllultisG1k' Cibbs 
IllOLlels spl'cifice! from C[l-O,CUJTl'nCL' slûlistics of properly qUillltized 
IlKôl lllotion-rL'lalL'd I1ll'asurL'1lll'nls, (lllll[1Utl'd OH'r the procl.'ssecl 
illlage sequcncL', al/o\\'s us 10 J.1n.lpl'rly h,1I1Lik' bolh sfJatial ;1I1e1 

tL'I11I'OI,ll dspecls of lhl' lIncJ..-rlving 1Il0tion configuration. In 
addition, (lUI' prob,lbilislic ,1PI1rOillh l11akl's thL' computation oi 
likL'lihlllld funclions <Incl MI. Il)(llkll'slilll,ltion for molion cI,lssifica­
lil>!l ,md rl'cognilic>!l iSSUl'S ft'ilsibk ,1Ild simplL', which rl'sults in ,1Il 

,'lïiciL'nl and Ill\\' nlsl impil'nwillalioll. 
Our nll'thod is ablt- lo slIccl,,;,;ful/v h,lIldle a \\'ick rdllgl' or 

dynilfllic contc'nl,:,! fn)!1) rigid /l'CItion tu tl'Inporùl t<..'xturC21. Silti~fdl­

lory l'l'suit, h,l\'C' b"'t'Il "btdilll'd (Olll.·l'rnillg l1lo1ion n~Ct.1gniti()1l (l\'L'r 
cl n'I.' 1'L:'Sl'1l 1,1 lin' sd ur n.',rI illldgl' Sl'ljUl'IlCL'S, dCIl1Clllstr.llillg tlll' 
inll.'rl'sl of CllllSiclL'I'ing Il()lll'M,lllll'I"ic Ilwlil)Jlch,lI'ilcll'rizalion. 
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