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Abstract

Action recognition is an important and challenging topic in computer vision, with
many important applications including video surveillance, automated cinematogra-
phy and understanding of sccial interaction. Yet, most current work in gesture or
action interpretation remainsrooted in view-dependert represenations. This paper
introduces Motion History Volumes (MHV) as a free-viewpoint represertation for
human actionsin the caseof multiple calibrated, and badground-subtracted, video
cameras.We presert algorithms for computing, aligning and comparing MHVs of
di erent actions performedby di erent peoplein a variety of viewpoints. Alignment
and comparisonsare performede cien tly using Fourier transformsin cylindrical co-
ordinates around the vertical axis. Results indicate that this represenation can be
usedto learn and recognizebasic human action classes,independerily of gender,
body size and viewpoint.
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1 Intro duction

Recognizingactions of human actorsfrom video is an important topic in com-
puter vision with many fundamertal applicationsin video surveillance, video
indexing and sccial sciencesAccordingto Neumannet al. [1] and from a com-
putational perspective, actions are best de ned as four-dimensional patterns

Email addresses:weinland@inrialpes.fr ~ (Daniel Weinland),
ronfard@inrialpes.fr (Remi Ronfard), edmond.boyer@inrialpes.f r (Edmond
Boyer).

1 D. Weinland is supported by a grant from the European Community under the
EST Marie-Curie Project Visitor.

Preprint submitted to Elsevier Science 16 October 2006



in spaceand in time. Video recordings of actions can similarly be de ned

as three-dimensionalpatterns in image-spaceand in time, resulting from the

perspective projection of the world action onto the image plane at ead time

instant. Recognizingactions from a singlevideo is howewer plaguedwith the

unavoidable fact that parts of the action are hidden from the camerabecause
of self-acclusions.That the human brain is ableto recognizeactionsfrom a sin-

gleviewpoint shouldnot hide the fact that actionsare rmly four-dimensional,
and, furthermore, that the mertal models of actions supporting recognition
may also be four-dimensional.

In this paper, we investigatehow to build spatio-temporal modelsof human ac-
tions that can support categorizationand recognition of simple action classes,
independertly of viewpoint, actor genderand body sizes.We use multiple
camerasand shape from silhouette techniques.We separateaction recognition
in two separatetasks. The rst task is the extraction of motion descriptors
from visual input, and the secondtask is the classi cation of the descriptors
into variouslevelsof action classesfrom simple gesturesand posturesto prim-
itiv e actions to higher levels of human activities, as pointed out by Kojima
et al. [2]. That secondtask can be performed by learning statistical models
of the temporal sequencingof motion descriptors. Popular methods for doing
this are hidden markov modelsand other stochastic grammars,e.g. stochastic
parsing as proposedby Ivanov and Bobick [3]. In this paper, we focuson the
extraction of motion descriptorsfrom multiple cameras,and their classi ca-
tion into primitive actions sud asraising and dropping handsand feet, sitting
up and down, jumping, etc. To this aim, we intro duce new motion descriptors
basedon motion history volumeswhich fuse action cues,as seenfrom di er-
ert viewpoints and over short time periods, into a single three dimensional
represemation.

In previouswork on motion descriptors,Greenand Guan [4] usepositionsand
velocities of human body parts, but sud information is dicult to extract
automatically during unrestricted human activities. Motion descriptorswhich
can be extracted automatically, and which have beenusedfor action recog-
nition, are optical ows, as proposedby Efros et al. [5], motion templatesin
the seminalwork of Bobick and Davis [6], and space-timevolumes,introduced
by Syeda-Mahmad et al. [7] or Yilmaz and Shah [8]. Sud descriptors are
not invariant to viewpoint, which can be partially resohed by multiplying the
number of action classesby the number of possibleviewpoints [6], relative
motion directions [5], and point correspndenced7,8]. This resultsin a poorer
categorizationand an increasedcomplexity.

In this researb, we investigate the alternative possibility of building free-
viewpoint classmodelsfrom view-invariant motion descriptors.The key to our
approad is the assumptionthat we needonly considervariationsin viewpoints
aroundthe certral vertical axisof the humanbody. Within this assumption,we
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a) Visual Hull b) Motion History Volume c) Cylindrical Coordinates d) Fourier Magnitudes

Fig. 1. The two actions are recorded by multiple cameras,spatially integrated into
their visual hulls (a), and temporally integrated into motion history volumes(b)(c).
Invariant motion descriptors in Fourier space(d) are used for comparing the two
actions.

proposea represemation basedon Fourier analysisof motion history volumes
in cylindrical coordinates. Figure 1 explains our method for comparing two
action sequencesWe separately compute their visual hulls and accunulate
them into motion history volumes.We transform the MHVs into cylindrical
coordinates around their vertical axes,and extract view-invariant featuresin
Fourier space.Sud arepresetation ts nicely within the framework of Marr's
3D model [9] which hasbeenadvocated by linguist Jadkendo [10]asa useful
tool for represeting action categoriesin natural language.

The paper is organizedasfollows. First, we recall Davis and Bobick's de nition
of motion templatesand extendit to three dimensionsin Section2. We presen
e cien t descriptorsfor matching and aligning MHVs in Section3. We presen
classi cation resultsin Section4 and concludein Section5.

2 De nitions

In this section,we rst recall2D motion templatesasintroducedby Bobick and
Davis in [6] to descrile temporal actions.We then proposetheir generalization



(@) (b) (©) (d)

Fig. 2. Motion versusoccupancy Using motion only in image (a), we can roughly
gather that someoneis lifting one arm. Using the whole silhouette instead, in (b),
makesit clear that the right arm is lifted. However the same movemen executed
by a woman, in (c), comparesfavorably with the man's action in (a), whereasthe
whole bodies comparisonsbetween (b) and (d) is lessevidert.

to 3D in orderto remove the viewpoint dependencean an optimal fashionusing
calibrated cameras.Finally, we shav how to perform temporal segmetation
using the 3D MHVs.

2.1 Motion History Images

Motion Energy Images(MEI) and Motion History Images(MHI) [6] werein-
troducedto capture motion information in images.They encale, respectively,
where motion occurred, and the history of motion occurrencesjn the image.
Pixel valuesare thereforebinary values(MEI) encaling motion occurrenceat
a pixel, or multiple-values(MHI) encaling how recerly motion occurredat a
pixel. More formally, considerthe binary-valuedfunction D(x;y;t), D = 1in-
dicating motion at time t and location (Xx; y), then the MHI function is de ned

by:

8
2 if D(x;y;t) = 1
h (xy;t)= _ (1)
~ max(0;h (x;y;t 1) 1) otherwise,
where is the maximum duration a motion is stored. The assaiated MEI can
easily be computedby thresholdingh > 0.

The above motion templates are basedon motion, i.e. D(x; y;t) is a motion
indicating function, however Bobick and Davis also suggestto compute tem-
plates basedon occupancy replacing D(x; y;t) by the silhouette occupancy
function. They arguethat including the completebody makestemplatesmore
robust to inciderntal motions that occur during an action. Our experimerts
conrm that and showv that occupancy provides robust cuesfor recognition,
ewven if occupancyencalesnot only motion but also shapeswhich may add
di culties when comparingmovemers, asillustrated in Figure 2.



2.2 Motion History Volumes

In this paper, we proposeto extend 2D motion templatesto 3D. The choice
of a 3D represetation has seeral advantagesover a single, or multiple, 2D
view represeration:

A 3D represeration is a natural way to fuse multiple imagesinformation.
Sud represemation is moreinformative than simple setsof 2D imagessince
additional calibration information is taken into accourt.

A 3D represetation is more robust to the object's positionsrelative to the
camerasasit replacesa possibly complexmatching betweenlearnedviews
and the actual obsenations by a 3D alignmert (seenext section).

A 3D represemation allows di erent cameracon gurations.

Motion templatesextendseasilyto 3D by consideringthe occupancyfunction
D(x;y;z;t) in 3D, whereD = 1if (X;y;z) is occupiedat time t andD = 0
otherwise,and by consideringvoxels instead of pixels:
8
2 if D(x;y;z;t) = 1
V(xyizit)= _ (2)
“max(0;h (x;y;z;t 1) 1) otherwise.

In the rest of the paper, we will assumetemplates to be normalized and
segmeted with respect to the duration of an action:

V(X; yi Z) =V =tmax tmin (X; Y. Z, tmax):(tmax tmin); (3)

wheretnin and tax are start and endtime of an action. Hence,motions loose
dependencieson absolutespeedand result all in the samelength. Section2.3
showvs how we detect these boundariesusing a motion energy basedsegmen-
tation.

The input occupancyfunction D(Xx;y;z;t) is estimated using silhouettesand
thus, correspndsto the visual hull [11]. Visual hulls presen seeral advan-
tages,they areeasyto computeand they yield robust 3D represetations. Note
howewer that, asfor 2D motion templates,di erent body proportions may still
result in very di erent templates. Figure 3 shavs examplesfor motion history
volumes.

2.3 Temporal Sggmentation

Temporal Segmetation consistin splitting a cortinuous sequenceof motions
into elemenary segmets. In this work, we usean automatic procedurethat we
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Fig. 3. Motion history volume examples: From left to right: \sit down"; \walk";
\kic k"; \punch". Color valuesencale time of last occupancy

recerly introducedin [12]. It relieson the de nition of motion boundariesas
minima in motion energy asoriginally proposedby Marr and Vaina [9]. Such
minima correspnd either to small rests between motions or to reversalsin
motion. As it turns out, an approximation of the global motion energycanbe
e ectively computedusing MHVSs: Intuitiv ely, instant motion can be encaled
using MHVs over small time windows (typically 2 - 10 frames). Then the sum
over all voxel valuesat time t will give a measureof the global motion energy
at that time. Next, we seart this energyfor local minima, and recompute
the MHVs basedon the detectedboundaries.For more details we refer to our
work in [12].

3 Motion Descriptors

Our objective is to comparebody motions that are free in locations, orien-
tations and sizes.This is not the caseof motion templates, as de ned in the
previous section, sincethey encale spaceoccupancy The location and scale
dependenciesanbe removed by certering, with respect to the certer of mass,
and scalenormalizing, with respect to a unit variance, motion templates, as
usualin shape matching. For the rotation, and following Bobick and Davis [6]
who usedthe Hu Momerts [13] as rotation invariant descriptors, we could
considertheir simple 3D extensionsby Sadjadi and Hall [14]. Howeer, our
experimerts with thesedescriptors,basedon rst and secondorder momerts,
were unsuccessfuin discriminating detailed actions. In addition, using higher
order momerts asin [15]is not easyin practice. Moreover, se\eral works tend
to shav that momernts are inappropriate feature descriptors,especially in the
presenceof noise, e.g. Shen[16]. In cortrast, seweral works, sud as that by
Grace and Spann[17] and Heesb and Rueger[18], demonstratedbetter re-
sults using Fourier basedfeatures. Fourier basedfeaturesare robust to noise
and irregularities, and presei the nice property to separatecoarseglobal and
ne local featuresin low and high frequencycomponerts. Moreover, they can
be e cien tly computedusing fast Fourier-transforms(FFT). Our approad is
therefore basedon thesefeatures.



Invariance of the Fourier transform follows from the Fourier shift theorem: a
function fo(x) and its translated courterpart f{(x) = fo(X Xp) only dier by
a phasemodulation after Fourier transformation:

Fi(k) = Fo(k)e 12 ' (4)

Hence, Fourier magnitudesjF(k)j are shift invariant signal represemations.
The invarianceproperty translateseasilyonto rotation by choosingcoordinate
systemsthat map rotation onto translation. Popular exampleis the Fourier-
Mellin transform, e.g. Chen et al. [19], that useslog-polar coordinates for
translation, scale,and rotation invariant image registration. Recert work in
shape matching by Kazhdan et al. [20] proposesmagnitudesof Fourier spher-
ical harmonicsas rotation invariant shape descriptors.

In a similar way, we use Fourier-magnitudesand cylindrical coordinates, cen-
tered on bodies, to expressmotion templatesin a way invariant to locations
and rotations around the z-axis. The overall choice is motivated by the as-
sumption that similar actions only di er by rigid transformations composed
of scale,translation, and rotation around the z-axis. Of course,this doesnot

accourt for all similar actions of any body, but it appearsto be reasonable
in most situations. Furthermore, by restricting the Fourier-spacerepreseta-

tion to the lower frequencieswe alsoimplicitly allow for additional degreef

freedomin object appearancesand action executions.The following section
details our implementation.

3.1 Invariant Representation

We expressthe motion templatesin a cylindrical coordinate-system:

q y
v( x2+ y2tan ! ; 'Z) ! ov(r; ;2):

Thus rotations around the z-axis results in cyclical translation shifts:

V(XCOS g+ ySin og; XSIiN g+ ycosS o;2)! v(r; + o;2):

We certer and scale-normalizethe templates. In detail, if v is the volumetric

cylindrical represetation of a motion template, we assumeall voxels that

represen a time step, i.e. for which v(r; ;z) > 0, to be part of a point cloud.

We compute the mean and variances , and , in z- and r-direction. The

template is then shifted, sothat = 0, and scalenormalizedsothat , =
r = 1
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Fig. 4. 1D-Fourier transform in cylindrical coordinates. Fourier transforms over
are computed for couplesof values(r;z). Concatenation of the Fourier magnitudes
for all r and z forms the nal feature vector.

I

We chooseto normalizein z and r direction, instead of a principal componert
basednormalization, focusing on the main directions human di er on, and
assumingscalee ects dependert on positionsto be rather small. This method
may fail aligning e.g.a personspreadingits hand with a persondropping its
hand, but gives good results for people performing similar actions, which is
more important.

The absolutevaluesjV (r; k ;z)j of the 1D Fourier-transform

Z
V(rik;z)=  v(r; ;20el2% d; (5)

for eat value of r and z, are invariant to rotation along .

SeeFigure 4 for an illustration of the 1D-Fourier transform. Note that various
combinations of the Fourier transform could be usedhere.For the 1D Fourier-
transform the spatial order along z and r remainsuna ected. One could say,
a maximum of information in thesedirections is presened.

An important property of the 1D-Fourier magnitudesis its trivial ambiguity
with respect to the reversal of the signal. Consequetly, motions that are
symmetric to the z-axis (e.g. move left arm - move right arm) result in the
samemotion descriptors.This canbe considereceither asalossin information
or as a useful feature halving the spaceof symmetric motions. Howewer, our
practical experienceshows that most high level descriptionsof human actions
do not depend on this separation.

In caseswvhereit isimportant to resole left/righ t ambiguities a slightly di er-
ent descriptorcanbe used.Onesud descriptoris the magnitudejV (k;; Kk ; k;)j
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Fig. 5. Volume and spectra of sample motions: (a) cylindrical represenation in
(;r);(r;2);( ;z) averagedover the third dimension for visualization purposes;(b)
corresponding 3D-Fourier Spectra; (c) 1D-Fourier spectra. Note that the 3D de-
scriptor treats both motions di erently (i.e. top and bottom row (b)), while the 1D
descriptors treats them the same.

of the 3D-Fourier transform

2.7 7, V(KK ;Kkz) = (6)

v(r; ;z)e 12 kirtk +ke2qrg dz;
1 1

applied to the motion template v. This descriptor is only symmetric with re-
spectto an inversionof all variables,i.e. humansstanding upside-davn, which
doesnot happenvery often in practice. While our previouswork [21]usedthat
descriptor (6) with successthe results were anyway inferior to thoseobtained
with (5) and an invariance to left right symmetry proved to be bene cial
in marny classi cation cases.A visualization of both descriptorsis shown in
Figure 5.

3.2 On Invariance vs. ExhaustiveSerch

Although we cannot report experimerts for lack of space,another signi cant
result of our researt is that viewpoint-invariant motion descriptors (Fourier
magnitudes) are at least as e cient as methods basedon exhaustive seart
(correlation), at least for comparing simple actions. Numerous experimerts
have shavn that, although it is possibleto preciselyrecover the relative ori-
ertations between history volumesusing phaseor normalized correlation in
Fourier space[22], and compare the aligned volumes directly, this almost



newer improves the classi cation results. Using invariant motion descriptors
is of courseadvantageousbecausewe do not needto align training examples
for learning a classmodel, or align test exampleswith all classprototypesfor
recognition.

4 Classication Using Motion Descriptors

We have testedthe preserted descriptorsand evaluated how discriminart they
are with di erent actions, di erent bodiesor di erent orientations. Our pre-
vious results [21] using a small dataset of only two personsalready indicated
the high potertial of the descriptor. This paper preserts results on an ex-
tended dataset, the so called IXMAS dataset. The datasetis introducedin
the next section,followed by classi cation results using dimensionalreduction
conmbined with Mahalanobisdistanceand linear discriminant analysis(LDA).

4.1 The IXMAS Dataset

The Inria Xmas Motion Acquisition SequencegIXMAS) 2 aim to form a
dataset comparableto the current \state-of-the-art" in action recognition.
It cortains 11 actions, seeFigure 6 for instance,ead performed3 times by 10
actors (5 males/ 5 females).To demonstratethe view-invariance, the actors
freely changetheir orientation for ead acquisition and no further indications
on how to perform the actions besidethe labels were given, as illustrated in
Figure 7.

The acquisition was acdhieved using 5 standard Firewire cameras.Figure 8
shows exampleviewsfrom the camerasetupusedduring the acquisition. From
the videowe extract silhouettesusinga standard badground subtraction tech-
nigue modeling ead pixel asa Gaussianin RGB space.Then visual hulls are
carved from a discrete spaceof voxels, where we carve eat voxel that not
projects into all of the silhouettes.Howe\er, there are no special requiremerts
for the visual hull computation and even the simplestmethod shoved to work
perfectly with our approad. After mapping into cylindrical coordinates the
represemation hasa resolution of 64 64 64. Temporal segmetation was
performedas descriked in section2.3. Note, that the temporal segmetations
splits someof the actionsinto seeral elemenary parts. To evaluate the de-
scriptor on a selecteddataset of primitive motions, we choosefrom ead of
the segmets the onethat bestrepresets the motion. For examplethe action

2 The data is available on the Perception website http://perception.inrialpe S.
fr in the \Data" section.
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Fig. 6. 11 actions, performed by 10 actors.

\ched watch" is split into three parts: an upward motion of the arm - se\eral
secondof resting in this position - releasingthe arm. From thesemotions we
only usethe rst for the class\ched watch". Another exampleis the action
\w alk", that hasbeenbroken down into separatesteps.Interestingly, in those
examples,we were able to classify even moderately complexactions basedon
one segmeh only. Howeer, classi cation of composite actions is a topic of

future researd.

4.2 Classi cation Using MahalanobisDistance and PCA

In initial experimerts on a small datasetand with di erent distancemeasures
(i.e. Euclidean distance, simpli ed Mahalanobis distance, and Mahalanobis

11




Fig. 7. Sampleaction \kic k" performed by 10 actors.

Fig. 8. Example views of 5 camerasusedduring acquisition.

distance + PCA, seealso [21]), the combination of a principal componert
analysis(PCA) dimensionalreduction plus Mahalanobisdistance basednor-
malization shoved best results. Due to the small amourt of training samples
we only used one pooled covariance matrix for all classes.Interestingly, we
found that the method extendswell to larger datasets and even competes
with linear discriminarnt analysis(LDA), aswill be shavn in the next section.

PCA is a commonly usedmethod for dimensionalreduction. Data points are
projected onto a subspacehat is chosento yield the reconstructionwith min-
imum squarederror. It hasbeenshown that this subspaces spannedby the
largest eigervectors of the data's covariance , and correspndsto the direc-
tions of maximum variance within the data. Further, by normalization with
respect to the variance, an equally weighting of all componerts is achieved,
similar to the classicaluseof Mahalanobisdistancesin classi cation, but here
computedfor one pooled covariance matrix.

Every action classin the data-setis represeted by the mean value of the
descriptorsover the available population in the action training set. Any new
action is then classi ed accordingto a Mahalanobisdistance assaiated to a
PCA baseddimensionalreduction of the data vectors. One pooled covariance
matrix  basedon the training samplesof all classes; 2 RY,i = 1;:::;n was

12



# | Action PCA | Mabhal. LDA
1 | Chedk watch. | 46.66% | 86.66% | 83.33%
2 | Crossarms. 83.33% | 100.00%| 100.00%
3 | Scratch head. | 46.66%| 93.33%| 93.33%
4 | Sit down. 93.33%| 93.33%| 93.33%
5 | Getup. 83.33%| 93.33%| 90.00%
6 | Turn around. | 93.33%| 96.66% | 96.66%
7 | Walk. 100.00% | 100.00% | 100.00%
8 | Wave hand. 53.33%| 80.00%| 90.00%
9 | Punch. 53.33%| 96.66% | 93.33%
10 | Kick. 83.33%| 96.66%| 93.33%
11 | Pick up. 66.66% | 90.00%| 83.33%

averagerate 73.03%| 93.33%| 92.42%

Table 1
IXMAS data classi cation results. Results on PCA, PCA + Mahalanobis distance
basednormalization using one pooled covariance, and LDA are presered.

computed:

15 .
= =7 0 ma m); ™

wherem represets the meanvalue over all training samples.

The Mahalanobis distance between feature vector x and a class mean m;
represeting oneaction is:

dmi;x) = (x m)”’V. V7 (x  my);

with  cortaining the k largest eigervalues ; 2 m Koono o1,
and V the correspnding eigervectorsof . Thus feature vectorsare reduced
to k principal componerts.

Following this principle, and reducing the initial descriptor (equation (5)) to
k = 329 componerts an averageclassi cation rate of 93.33%was obtained
with leave-one-outcrossvalidation, wherewe successiely used9 of the actors
to learn the motions and the 10th for testing. Note that in the original input
spaceaswell asfor a simple PCA reduction without covariancenormalization
the averagerate is only 73.03%.Detailed results are givenin Table 1.

13



4.3 Classi cation Using Linear Discriminant Analysis

For further data reduction, classspeci ¢ knowledge becomesimportant in
learning low dimensional represetations. Instead of relying on the eigen-
decompmsition of one pooled covariance matrix, we use here a conbination
of PCA and Fisher linear discriminant analysis (LDA), seee.g. Swets and
Weng[23], for automatic feature selectionfrom high dimensionaldata.

First PCA is applied,Y = V°X,V = |[vy;:::;vy], to derveam n ¢

number c dependert limit is necessaryo guararty non-singularity of matrices
in discriminant analysis.

Fisher discriminant analysisde nes as within-scatter matrix:

x X N
Se= (y; mi(y; M) (8)
i
and between-scattermatrix:
xc >
S= (m m)(m; m)’; 9)

and aims at maximizing the between-scatterwhile minimizing the within-
scatter, i.e. we seart a projection W that maximize g 5% It has been
proventhat W equalto the largesteigervectorsof S, 1S, maximizesthis ratio.
Consequetly a secondprojection Z = W”Y, W = [wy;:::;w], k ¢ 1is
applied to derive our nal feature represemation Z.

During classi cation ead classis represeted by its meanvector m;. Any new
action z is then classi ed by summing Euclidean distancesover the discrimi-
nant featuresand with respect to the closestaction class:

d(mi;2) = jim;  zjj* (10)

In the experimerts the magnitudes of the Fourier represetation (equation
(5)) are projected onto k = 10 discriminant features. Successigly we use 9
of the actors to learn the motions, the 10th is usedfor testing. The average
rate of correct classi cations is then 92.42%.Classspeci ¢ results are shovn
in Table 1 and Figure 9.

We note that we obtain much better results with the Mahalanobisdistance,
using the 329 largest componerts of the PCA decompsition, as compared
to using the PCA componerts alone. LDA allows us to further reducethe

14



Check watch Check watch

Cross arms Cross arms

Scratch head Scratch head

Sit down Sit down

Get up Get up
Turn around

Walk

Turn around
Walk

Wave hand Wave hand
Punch Punch

Kick Kick

Pick up Pick up

S E RS LSS R
& 6@(\@&@0@& & WL E «‘
SIS D & \&4 &S
S O < & O

Fig. 9. Average class distance: (Left) before discriminant analysis. (Right) after
discriminant analysis.

number of featuresto 10, but otherwisedoesnot further improve the overall
classi cation results.

4.4 Motion History vs. Motion Energy and Key Frames

With the samedataset as before, we compare our MHV based descriptors
with a combination of key posesand energy volumes. While Davis and Bo-
bick suggestedn the original paper the useof history and binary images,our
experimerts with motion volumesshowved no improvemen in using a combi-
nation of MHVs and the binary MEVs. We repeatedthe experimert descrited
in section4.3, for MEVs. Using the binary information the recognition rate
becomes80.00%only. SeeTable 2 for detailed results. As can be expected:
reverseactions, e.g.\sit down" - \get up”, presen lower scoreswith MEVs
than with MHVs. The MHVs show alsobetter performancein discriminating
actions on more detailed scales,e.g.\scratch head" - \w ave".

Also, to show that integration over time plays a fundamertal role of informa-

tion, we compareour descriptor with descriptors basedon a single selected
key frame The idea of key framesis to represeh a motion by one specic

frame, seee.g. Carlson and Sullivan [24]. As invariant represetation, we use
the magnitudesof equation (5). For the purposeof this comparisonwe simply
choosethe last frame of eady MHV computation as correspnding key frame

The averagerecognition rate becomes80.30%.While motion intensive action,

e.g.\walk" - \turn around" scoremuch lower, a few poseexpressie actions,
e.g.\pick up", adiieve a better score.This may indicate that not all actions
should be descrited with the samefeatures.

15



# | Action MEV | Key frame MHV
1 | Chedk watch. | 86.66% 73.33% | 86.66%
2 | Crossarms. 80.00% 93.33% | 100.00%
3 | Scratch head. | 73.33% 86.66% | 93.33%
4 | Sit down. 70.00% 93.33% | 93.33%
5 | Get up. 46.66% 53.33% | 93.33%
6 | Turn around. 90.00% 60.00%| 96.66%
7 | Walk. 100.00% 80.00% | 100.00%
8 | Wave hand. 80.00% 76.66% | 80.00%
9 | Punch. 93.33% 80.00% | 96.66%
10 | Kick. 90.00% 90.00% | 96.66%
11 | Pick up. 70.00% 96.66% | 90.00%
averagerate 80.00% 80.30%| 93.33%

Table 2

IXMAS data classi cation results. Results using the proposedMHVs are preserted.
For comparisonwe also include results using binary MEVs and key frame descrip-
tors.

We conclude,that invariant Fourier descriptorsof binary motion volumesand
key frames are suitable for motion recognition as well. Howeer, the use of
additional motion information, as preser in the motion history volumes,in
both casedistinctly improvesthe recognition.

4.5 Classi cation on Video Sequenes

The previous experimerts shav that the descriptor performswell in discrim-

inating selectedsets of learned motions. In this experimert we test the de-

scriptor on unseenmotion categoriesas they appear in realistic situations.

For this purposewe work on the raw video sequence®sf the IXMAS dataset.

In a rst step the datasetis segmeted into small motion primitiv es using

the automatic segmetation. Then eadh segmen is either recognizedas one
of the 11 learnedclassesor rejected. As in the previousexperimerts, we work

in PCA spacespannedby the 11 samplemotions and perform nearest-mean
assignmeh To decidefor the \reject"-class we usea global threshold on the

distanceto the closestclass.

The automatic segmetration of the videosresultsin 1188MHVs, correspnd-
ing to appraximately 23 minutes of video. In manual ground truth labeling
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Fig. 10. Recognition on raw video sequencesPlots recognition rate into 11 classes
against false positive rate.
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Fig. 11. Averagedistance between\reject"-samples and training classes.

we discover 495 known motions and 693 \reject"-motions. Note, that sud a
ground truth labeling is not always obvious. A good exampleis the \turn"-
motion that wasincludedin the experimerts, but additional turn-lik e motions
alsoappearasthe actorswherefreeto changeposition during the experimerts.
Moreover, it might be that an actor was accidenally chedking his watch or
scratding his head.

Testingin a leave-one-outmanner, using all possiblecombinations of 9 actors
for training and the remaining 10th for testing, we shov a multi-class ROC
curve, Figure 10, plotting the averagenumber of correctly classi ed samples,
againstthe number of false positives. We found a maximal overall recognition
rate (including correctly rejectedmotions) of 82.79% for 14.08%falsepositives
and 78.79%correctly classi ed motions. Figure 11 shows the averagedistance
betweenthe \reject"-motions and the learnedclasses.

The experimerts demonstratethe ability of MHVs ewen to work with large
amourts of data and under realistic situations (23 minutes of video, 1188
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motion descriptors). The segmeration proved to almost always detect the
important parts of motions; MHVs shaved good quality in discriminating
learnedand unseenmotions.

An obvious problem for the falsedetections,is the nearly in nite classof pos-
sible motions. Modeling unknown motions may require more than a single
threshold and class, multiple classesand explicit learning on samplesof un-
known motions becomesmportant. Another problem we found is, that many
motions can not be modeled by a single template. Small motions may seem
very similar, but over time belongto very di erent actions. For examplethe
turn around motion is split into seeral small stepsthat may easilybe confused
with a singlesidestep.In sud casedemporal networks over templates,ase.g.
in an HMM approad, must be usedto resole theseambiguities. Howeer, we
leave this for future work.

5 Conclusion

Using a data set of 11 actions, we have beenable to extract 3D motion de-
scriptors that appear to support meaningful categorization of simple action
classesperformed by di erent actors, irrespective of viewpoint, genderand
body sizes.Best results are obtained by discardingthe phasein Fourier space
and performing dimensionality reduction with a combination of PCA and
LDA. Further, LDA allows a drastic dimensionreduction (10 componerts).

This suggeststhat our motion descriptor may be a useful preseration for

view invariant recognition of an ewven larger classof primitiv e actions. Our

current work is suited to segmetation of composite actions into primitiv es,
and classi cation of sequencesf the correspnding LDA coe cien ts.
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