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Abstract—Action recognition is a challenging problem in
video analytics due to event complexity, variations in imaging
conditions, and intra- and inter-individual action-variability.
Central to these challenges is the way one models actions in
video, i.e., action representation. In this paper, an action is
viewed as a temporal sequence ofocal shape-deformations
of centroid-centered object silhouettes, i.e., the shape of the
centroid-centered objectsilhouette tunnelEach action is rep-
resented by the empirical covariance matrix of a set of 13-
dimensional normalized geometric feature vectors that capture
the shape of the silhouette tunnel. The similarity of two actions
is measured in terms of a Riemannian metric between their
covariance matrices. The silhouette tunnel of a test video is
broken into short overlapping segments and each segment
is classified using a dictionary of labeled action covariance
matrices and the nearest neighbor rule. On a database of 90
short video sequences this attains a correct classification rate of
97%, which is very close to the state-of-the-art, at almost 5-fold
reduced computational cost. Majority-vote fusion of segment
decisions achieves 100% classification rate.

Keywords-video analysis; action recognition; silhouette tun-
nel; covariance matching; generalized eigenvalues;

I. INTRODUCTION

variations in the imaging conditions (e.g., illumination,
viewpoint, resolution) and only approximate repeatapilit
of the same action by different individuals (e.g., no two
individuals walk in exactly the same manner). Central to
these challenges is the way one models actions in a video
sequence, i.e., action representation. Some of the widely-
used action representations are: static features based on
limb shapes [1], [2], geometric models of objects [3], [4],
motion/optical-flow patterns induced by moving objects [5]
[6], and spatio-temporal features extracted from spave-ti
video volume [7], [8], [9]. While some of these represen-
tations rely on pixel intensity, others are based on binary
masks (often called silhouettes) or motion fields assattiate
with moving objects. Experience to date has shown that
action representation based on pixel intensities is naisgb
differently dressed people performing the same action may
be considered to act differently. While action recognition
based on motion fields has been quite successful, it requires
the additional, but not so simple, step of motion estimation
However, the dynamic nature of an action captured by
a motion field is largely captured by object's silhouette

The proliferation of network cameras in the last few years€V0lVing in time, i.e., a binary mask of moving object
has led to surveillance video overload; cameras produc€hanging its shape in time, that we shall calsinouette
data at rates far exceeding the capacity of human operatofsnne! Silhouette tunnels, also known asject tunnel§10],
managing video surveillance networks. Thus, of interes{l] Or activity tubes[12], have been extensively studied

are automatic or semi-automatic surveillance-video aigly

methods. Of the many facets of video analysis, action reco

nition stands out as particularly important. For examphe, t

in the literature with applications in video compression,

%ummarization, frame-rate conversion, etc. Although sil-

ouette tunnels do not capture motion inside objects, the

ability to recognize that a person is running away from themoving silhouette boundary leaves a very distinct sigreatur

scene of an accident or that a car is being driven in arPf occurring activity. Furthermore, a silhouette tunnel is
erratic manner, can help alert law enforcement in real time’Cid of color, texture and background characteristics, imgk

or be useful in post-event video forensics. Action recdgnit
also finds application in video retrieval, video indexingdan
detection of abnormal behavior.

Despite a significant effort by the computer vision an

image processing communities, action recognition is still

a challenging problem on the account of event complex="" i
clutter, occlusions),PO'SSO” equation (measurement of average length of a ran-

ity often present in the video (e.g.,

This material is based upon work supported by the US Nation@nge

it an appropriate representation for action dny-t space
regardless of photometric properties of the moving object.
To date several action recognition methods have been based

gon silhouettes [7], [13], [14], [15].

In particular, Gorelicket al. [7] developed a method that
extracts shape properties of a silhouette tunnel by solging

dom walk from an interior point to silhouette tunnel bound-
ary). An action classification based on this approach was

0546598. Any opinions, findings, and conclusions or recommatois
expressed in this material are those of the authors and doeuetsearily
reflect the views of the NSF.

is capable of extracting highly-discriminative informati
However, the procedures used to extract spatio-tempaaal fe



tures are fairly complicated and computationally-demagdi  of Gorelick et al.

Collins and Gross [16] have also used silhouettes to
identify human actions, but their method extracts key frame
from the query video sequence and matches them with key The goal of our work is automatic annotation of Object
frames from training videos. The classification is perfodme “action” in fixed-perspective video footage using a dictio-
by the nearest-neighbor rule based on normalized correld?ary of previously-annotated samples. In its full general-
tion scores. This method is conceptually simple and easiy. this is a very hard problem because a scene may be
to implement, but it is based on 2-D silhouettes withoutcomposed of multiple objects which interact in intricate
considering the dynamics of silhouette evolution. ways. We therefore focus on the key subproblem in which

The dynamic nature of video has been also exploited byhe video footage contains actions related to a single ob-
Bobick and Davis [13] who proposed a motion energy imagdect. Such footage may potentially be obtained from pre-
(MEI), that represents where motion has occurred in arProcessing steps involving activity detection followed by
image sequence, and motion history image (MHI), that igracking and isolation of object trajectories; tasks which
a scalar field depicting how recently the motion occurred.may be difficult or impossible to perform in the vicinity
Together, MEI and MHI act as a two-component version ofof intersecting or overlapping object trajectories.

a temporal template, and are compared with known actions We need to first clarify what we mean by the terms
in a database to determine the best action match. object and action before we can describe our approach to

Gait recognition [15], [14] is a specific class of ac- detect and recognize them. The objects of focus in this work
tion recognition problems, with a specific focus on hu-2are humans but our approach can handle objects which are

mans. Gait recognition techniques can be divided into twg®0mposed of one or multiple semi-rigid parts. By an action
broad categories: model-based and feature-based. Modéie mean a sequence of frequent, roughly repetitive changes
based approaches [17], [18] build a model with static andn object shape and positidiisee Fig. 1). Perceived changes
dynamic body parameters. Such approaches perform welll object position and shape may be due to changes that are
at the expense of computational complexity. Feature-basel@trinsic to the object or/and changes induced by the camera
techniques do not rely on the assumption of any specifihanges induced by the camera are not part of object action.
body models. Different features can be extracted to reptese We therefore assume that camera-induced global motion,
the gait, such as the angular transform, radial integratiorfuch as dynamic pan, tilt, and zoom, as well as global
transform (RIT) and circular integration transform (CIT).  chromatic and photometric changes, such as dynamic white

In this paper, we propose a new framework for actionPalance and automatic exposure gain control, have been
recognition in video sequences. The proposed framework i§ompensated for in the dictionary and test samples.
general and applies to human actions as well as ani
man-made objects, etc. Like in some prior methods, wi
silhouette tunnels to characterize actions, but we intre
a new metric to characterize and compare such tunnels
first contribution is the selection of features that acaly
capture shape evolution in space-time. We propose 18
metric attributes related to object shape and “life-sp&nit
second contribution is the application of covariance dps
tor to these features in order to measure similarity bet\
silhouette tunnels (actions). This choice has been indy
recent covariance tracking methods [19], [20] that shc
remarkable performance and reasonable computational _ _

Figure 1. Example of a human action sequence: Three frames from a

ple?(lty. Our th'_rd contribution !S the_ developme_nt_ of “jumping-jack” action sequence (top row) and correspondsaiiouettes
action recognition framework, including the majority-€ul (bottom row) from the Weizmann Human Action Database (sed@ebt).

fusion that permits aggregation of action recognition lssu Let us now consider changes in object shape and position

from short video segments. In comparison with the method,sqqciated with action. Changes in object position ar¢ela

of Gorelick et al. [7] our approach applied segment-by- 14 gpiect motion whereas changes in object shape are related
segment shows almost identical performance but at a S, the relative movement of parts composing the object, e.g.
fold reduced computational cost. However, the inclusionmps of a human. Although changes in object position may
of our majority-based fusion improves the recognition rate,q ingicative of the type of action, e.g., running versuskwal
to 100% without significant impact on computational COM-ing. they may be unreliable: people walk at different paces

plexity. Furthermore, our method is simpler conceptually ;.4 the video frame rate of samples in the dictionary may
and straightforward to implement as it does not require

solving partial differential equations needed in the appto 1By object position we mean the location of the object centroid

Il. OVERVIEW OF THE PROBLEM AND METHODOLOGY




be different from that of the test sample. On the other handsimilar shape deformations that define their essential-char
changes in object shape are quite indicative of action typeacter (see the cartoon illustration of an action segment
for example, crouching can be easily distinguished fromin Fig. 2). These “repetitive” action segments within the
walking by analyzing limb movements. Even running andsame sequence and segments across different sequences
walking have different shape deformation characteristicscorresponding to the same action will be similar in shape and
Due to these considerations, we first remove object motionguration but there will also be a good degree of variability.
as described towards the end of the next paragraph, and baBeom the recognition viewpoint, this motivates the need for
our action recognition algorithm on changes in object shapea dictionary of labeled sample action segments which are
Objects which undergo similar repetitive changes in shapeepresentative of the statistical variability that one exg
over time, i.e., objects performing similar actions, caneéha to encounter within a given application context. From a
very different chromatic, photometric, and textural prdjgs  processing viewpoint, this motivates the need to break a
in different scenes. Action recognition algorithms shobdd  silhouette sequence into a set of (potentially overlapping
relatively invariant to these properties. One approach forsuccessive action segments each of which contains roughly
developing algorithms with these invariance properties isone “period” of the action so that each segment can be
to base them directly on the sequence of 2-D silhouettesdividually classified fairly reliably.
of the moving and deforming object (see Fig. 1). Simple Our overall framework for action recognition can be
background subtraction techniques such as in [21], [22] andummarized as follows: We start with a raw test video
more-advanced spatio-temporal video segmentation methodequence containing a single object whose position and
based on level-sets [10] are capable of producing an objegthape change with time. Camera-induced global artifacts
silhouette sequence from a raw video action sequence. Undere assumed to have been compensated for in the raw
ideal conditions, each frame in the silhouette sequenceideo. We refer to this raw video sequence as #uotion
would contain a white mask (white = 1) which exactly sequenceThe action sequence is subjected to background
coincides with the 2-D silhouette of the moving and de-subtraction and centroid alignment to obtain what we refer
forming object against a “static” black background (black =to as thesilhouette sequencélhe silhouette sequence is
0). A sequence of such object silhouettes in time forms ahen broken into a sequence oferlapping N-frame-long
spatio-temporal volume im-y-t space that we refer to as action segmentahere NV is assumed to be large enough to
a silhouette tunnel. As described in the previous paragrapltontain roughly one complete “cycle” that is represengativ
since changes in object position are of secondary impogtancof the action. Each test action segment is then compared
for action recognition, we need to remove object motion. Wewith the segments in a dictionary of previously-labeled
can do this by aligning the centroids of object silhouettesaction segments to find the most similar one. The test action
in the background-subtracted sequence to the same spatigdgment is assigned the label of the most similar dictionary
coordinates. segment. Since individual segment decisions are expected
to be somewhat noisy on the account of issues discussed in
the introduction, we propose an additional step to filter out
this decision noise. We propose to fuse the decisions of all
action segments in an action sequence using the majority
rule to arrive at the final decision for the entire test action
sequence as illustrated in Fig. 3. This improves the rditgbi
by overcoming misclassifications in up to one-half of thée tes
action segments.

action

segments Action | Action | Action | e e e Action
t — ] seg 1 seg2 | seg3 seg K
segment cee
Figure 2. Each poinkg = (z0,0,t0)T of a silhouette tunnel within classification
an N-frame action segment hasl8-dimensional feature vector associated segment R
L " . un Run Walk Run
with it: 3 position featuresco, yo, to, and 10 shape features given by classes
distance measurements frafo, yo, to) to the tunnel boundary alont) \ @ oo °/
different spatio-temporal directions shown in the figure.
decision Fuse individual decions
§ . . . fusion based on majority rule
One final important aspect of object action that one needs @
to take cognizance of is theepetitive nature of shape
action class Run

changes which characterize an action. Many interesting

actions such as walking and running consist of multiplerigure 3. Action classification of a group of action segmenytsriajority
roughly periodic, “repetitions” of action segments thavdia vote applied to segment decisions.



The key ingredient needed for successful action recognistructure of covariance matrices. We now explain each of
tion at the segment level is the metric used for measuringhese steps in detalil.
how close a pair of silhouette tunnels are in terms of their
shape. This metric must 1) allow reliable discrimination ofA' Shape feature vectors
different actions, 2) be easily computable so that a r@akti  Let s = (z,y,1)7 denote the horizontal, vertical, and
operation is attainable, and 3) be invariant to spatialisgal temporal coordinates of a pixel. Let denote the set of
In the next section, we describe the novel object shapgoordinates of all pixels belonging to an action segment
similarity features and the metric based on these featuredhich is W pixels wide, H pixels tall, andN frames long,

that we have developed that posses the three aforementiong@., A := {(z,y,t)" : = € [1,W],y € [1,H],t € [1,N]}.
properties. Let S denote the subset of pixel-coordinates.inwhich

belong to the silhouette tunnel. With each pixel located at
within the silhouette tunnel, we associate the followirsy
dimensional feature vectdi(s) that captures certain shape
characteristics of the tunnel:

There.|s an extensive .body of literature devoted to the' rep-  f(z,y,t) =[x,y t,dg, dw,dy, ds,
resentation and comparison of shapes of volumetric objects
A variety of approaches have been explored ranging from
deterministic mesh models used in the graphics communitwhere(z,y,t)? € S anddg, dw,dy, andds are Euclidean
to statistical models, both parametric (e.g., ellipsomiad-  distances from(x,y,t) to the nearest silhouette boundary
els) and non-parametric (e.g., Fourier descriptors). @al g point to the right, to the left, above and below the pixel,
is to develop a fast and simple algorithm which can reliablyrespectively. Similarlydy g, dsw,dsg, anddyy are Eu-
discriminate between different shape classes without thelidean distances fron{z,y,t) to the nearest silhouette
need for human intervention. Our goal is not to accuratelyboundary point in the four diagonal directions, while
reconstruct any given shape per se. The ease of computati@gmdd,_ are similar measurements in the temporal direction.
is an important factor in our work. Clearly, thesel0 distance measurements capture silhouette

We first sketch the overall approach and then get into theunnel shape as “seen” from locatiofx,y,t)”. Fig. 2
technical details. Given an action segment, we first extractlepicts these features graphically.
a rich collection of13-dimensional feature vectors which  There is one shape feature vecfoassociated with each
describe the geometry of the silhouette tunnel. This ihitia pixel of a silhouette tunnel, and thus there are a large numbe
collection of feature vectors provides a shape repredentat of feature vectors. The collection of all feature vectors
for the silhouette tunnel which is overcomplete; the tunnelF(S) := {f(s) : s € S} is an overcomplete representation
can be completely reconstructed using this representatioof the shape of the silhouette tunnel becaise completely
and there are more components in this representation thatetermined byF and F contains additional data which are
in the boundary of the tunnel. We view this step as aredundant. It is instructive to see how individual feature
“feature-expansion” step in which the silhouette tunnel iscomponents change with the change of pixel location. Fig. 4
embedded within a higher-dimensional feature space. Thdepicts each of theé3 features for a single silhouette frame
second step is a dimension reduction step: we obtain &z-y slice of a silhouette tunnel for a fixed value ©)fas an
simplified representation for the shape of the silhouettdntensity image, where higher brightness means largervalu
tunnel by “fusing” the overcomplete collection of feature of that feature. In this figure, the origin of the coordinate
vectors into al3 x 13 empirical “shape” covariance matrix system is in the left-top corner of the image. Note that
of the feature vectors in the collection. We view this shapethe intensity of ther-component image increases linearly
covariance matrix as a reduced shape representation @fom left to right inside the silhouette whereas the intgnsi
the silhouette tunnel. The shape covariance matrix thusf the y-component image increases from top to bottom.
obtained is not invariant to spatial scaling (zoom). We wbta However, the intensity of thecomponent image is spatially-
a scale-invariant shape covariance matrix by normalizingconstant since all pixels in the same frame have the same
the individual elements of the shape covariance matrix byalue oft. Similarly, thedy, image has lower values (dark)
suitable factors or equivalently by normalizing the featur at the left of the silhouette since it measures the distance
vectors before computing the covariance matrix. Finallg, w to the left silhouette boundary whereas tie and dr,
compare the shape similarity between a silhouette tunndmages are very bright (large distance) in the torso and
in a dictionary action segment and a test action segmerdarker (shorter distance) within the limb areas. This is¢o b
by measuring the distance between their normalized shapexpected since the position of the torso is largely unchdnge
covariance matrices. The distance between two covariancacross time after centroid alignment whereas legs and arms
matrices is measured using a Riemannian metric based anove significantly. This potentially shortens the temporal
their generalized eigenvalues which respects the manifoldistance to the silhouette tunnel boundary.

IIl. SILHOUETTE TUNNEL SHAPE REPRESENTATION AND
COMPARISON

I @)

)

dne,dsw,dse, dnw,dry, dr—



vector. Thus,C's is an empirical covariance matrix of the
collection of vectorsF(S). It captures thesecond-order
empirical statistical properties of the collection. Notkat
the volume of a silhouette tunngf| is typically more
than 10*, often more thanl0®. Since a covariance matrix
- Y t is symmetric, only(13% + 13)/2 = 91 of its entries are
independent thus affording a low-dimensional represemtat
§ of all feature samples, independently of their number.
dp dn dNE
l n l be a spatial scale factor and I& := {(az,ay,t)’
dw ds dsw (z,y,t)T € S} be a silhouette tunnel obtained fro by
Figure 4. 'ndiVidU?:th(?mgogﬁgES °f)f‘3§tﬁ;§.le?ﬁ§g,ﬁ’ It% ?Segitctﬁg?; stretching the horizontal and vertical dimension (but not
:gf‘fzzfr{é?;r?def)r\;g;terl);)%ints deﬁo%e larger values. ’ P time) by the factora. Then |S'| = a2\8|. Consider the
covariance between the-coordinate and the distance to
The feature vectors combine absolute pixel locationghe top boundarydy (both are spatial features) for both
with the relative distances of pixels to tunnel boundariesS and S’. These are respectively given by ¢o%, Dy)
measured along0 different directions. Moreover, since each and coyX’, D)) where X’ = aX and D), = aDy.
silhouette tunnel is likely to contain a different number of Consequently, cdX’, D) = a®>cov(X, D). An identical
pixels, it will also contain a different number of featurecve relationship holds for the covariance between any pair of
tors. Therefore, it is unclear how to measure the similarityspatial features. The covariance between any spatialrieatu
between two silhouette tunnels based on the entire callecti and any temporal feature fa$’ will be « times that for
F(S) of these feature vectors. S (instead ofa?) and the covariance between any pair

of temporal features foS’ and S will be equal. To see

how the shape covariance matrix can be made invariant
Recently, Tuzet al. [19], [20] proposed to compare tWo 1, gpatial scaling of the silhouette tunnel, observe that

sets of feature samples by computing and comparing theiéov(X// IS’ D' /A/IS]) = cou(X/+\/|S|, D

= . ; : L VIS, D /+/ = VIS|, Dn//IS])-
empirical covariance matrices. Their application conteas s o obtain a spatially scale-invariant shape covaganc
object tracking but this approach easily extends to OUfnarix we must divide every spatial feature by the square

problem of comparing shapes of silhouette tunnels. The,q; of the volume of the silhouette tunnel before computing
advantage of this approach lies in the fact that completely,o empirical covariance matrix using (2).

different features, such as pixel locations and luminance A gimilar approach can be used for temporal scaling

gradients, can be combined in one feature vector and Us&ich can arise due to frame rate differences between the
jointly for comparison. Moreover, since feature propestie (ost and dictionary action segments. However, since most
are captured in a single covariance matrix, feature sets ofameras run at either 30 or 60 framesffields per second, in
different sizes can be easily and efficiently compared.  his work we assume that the frame rates are identical and
We capture the shape properties of silhouette tushley e segment sizav is the same for the test and dictionary
a 13 x 13 shape sovariance matriks defined as follows.  5cfion segments. By construction, the shape covariance ma-
LetS = (X,Y,T)" denote a random location vector which iy is automatically invariant to spatio-temporal traatin
is uniformly distributed overS, i.e., the probability mass o the silhouette tunnel. It is, however, not invariant to
function of S is equal to zero for all locations ¢ S and is  4tation of the silhouette tunnel about the horizontaltieat,
equal to1/|S5] at all locations inS, where|S| denotes the  5ng temporal axes. Rotations about the temporal axis by
volume of the silhouette tunnel. Thefis := co(F) where 1y iinjes of 45° have the effect of permuting the spatial
F :=£(S). More explicitly, components of the feature vector. In this work, however, we
1 will assume that the test and dictionary silhouette tunnels
Cs = coU(F) = S| Z(f(s) —pp)(Es) —pp)t @) have roughly the same spatial orientati)(/)n. Rotations about
€8 the horizontal and vertical axes are less of a problem in
where pup = E[F] = 3 s 5f(s) is the mean feature practice because they may not correspond to meaningful

C. Normalization for spatial scale-invariance

The shape covariance matriXs in (2) computed from
the 13 features in (1) is not invariant tepatial scaling

dr+
of the silhouette tunnel, i.e., two silhouette tunnélsand
S’ that have identical shape but differ in spatial scale
will have different covariance matrices. To illustrate the
dr_

dsg

problem, ignoring integer-valued constraints, let> 0

dnw

B. Shape covariance matrix



real-world silhouette tunnels. the action segment database. Then, we selected one action
L . segment (the query or test action segment) and deleted
D. Shape similarity metric from the action segment database all those action segments
So far, we have identified which features to extract, argue%hich came from the same video sequence as the query
that we can CompaCtIy characterize them USing a Covarian%gment_ Fina”y' among the remaining action Segments in
matrix, and shown how to normalize the covariance matrixthe database (the action segment dictionary), we found an
to assure scale invariance. In order to compare the shapes g¢tion segment that best matches our query action segment
two silhouette tunnels (which describe an action), we neegsing the proposed distance measure (3). This is the nearest
a metric defined in the space of covariance matrices thateighbor classification rule. The query action segment was
would tell us if the two covariance matrices describe simila considered to be Correcﬂy classified if it had the same
shapes (actions) or not. action label as the best-matched segment. We repeated the
The set of all covariance matrices is not a EUC"dearbrocedure for all query action segments in the database
space because it is not closed under multiplication withand calculated the correct classification rate (CCR) as the
negative scalars. Covariance matrices do, however, lie on Bercentage of query action segments which were correctly

Riemannian manifold. &fstner and Moonen [23] proposed c|assified. We attained a CCR of 97.05% for action segments
the following distance measure between #vod covariance  of length N = 8. Table | shows the action “confusion”

matrices: matrix for the entire database. The element in rownd
d columnj of the matrix indicates the percentage of action
p(C,C") == ZIHQ AR(C,C7), (3)  segments which were classified as actjoThe sum of all
—1 elements in every row is 100%. Note that most of the errors

are for “skipping” (action 7) which tends to be confused
with “running” (action 5). A careful examination of these
two actions indeed confirms that they have similar dynamics,
A\eCuy, = C'uy,, potentially leading to confusion especially when the actio
i ) ) _ . segments are very short.
whereuy, # 0 is thek-th generalized eigenvector. This dis-  For comparison, Table Il shows the action confusion ma-
tance measure captures the manifold structure of covaianGyiy for the method proposed in [7] also applied to 8-frame
matrices and satisfies the metric axioms of positivity, Sym-5¢tion segments of the same database. This method is based
metry, and triangle inequality. It has been used succegsful 4, solving a Poisson equation. The overall CCR attained
in_object_tracking and face Iopalization [19], [20]. We atlop by this method is 97.83%. Although the overall CCR of
this metric for shape comparison. this method is 0.78% higher than that of the proposed
IV. EXPERIMENTAL RESULTS method, this comes at the expense of significantly increased

In order to test the efficiency and performance of thecomputa'uonal complexity. As reported by Gorelietal. [7],

proposed method, we conducted a series of experimeniﬁhe overall processing time of their simulations perfornred

. . : atlab for aparticular 50-frame pre-segmented silhouette
on the Weizmann Human Action Database available on- ; . .
L . . . sequence of spatial resolutidn0 x 70 is 30 seconds on a
line= [7]. The database contains 90 low-resolution video

sequences (180144 pixels, 50fps) that show 9 different 3GHz I_Den';lum. This m(;:ludes sqlvmg the P0|s?on e”quatl_on,
eople with each person performing 10 different actionse>(tradlngJ features and computing moments for all action
P 'segments in the sequence. Since we did not have a 3GHz

such as jumping, walking, running, skipping, etc. These . . . .
. ) Pentium 4 available, we ran our simulations on a slower
video sequences are typically 80 to 120 frames long. Fo : : :

. ) . .8GHz Pentium 4 also in Matlab. Our algorithm takesec-
each video sequence a binary sequence of 2-D silhouettes . .
. . ; : o ondson averageon the Weizmann Human Action Database.
is also available (Fig. 1). As described earlier, in a pre-, .. s : X

. . : C This includes division into action segments, extraction of
processing step, we align the centroids of individual 2-

D silhouettes to compensate for any global object motionlS—dmensmnal feature vector sets for each segment, and

i . L . computation of all segment feature covariance matrices (2)
present. This typically changes the spatial dimensionstby . )
10 20 pixels. Clearly our algorithm has a 5-fold lower computational

We measured the performance of our action recognitioncomplex'ty while giving only sllghtly 'Iower recognltpn
. : o ) performance. Furthermore, the simplicity of our algorithm
algorithm by the following cross-validation test. Firstew

e : . ._makes it attractive for practical implementations.
divided each of the 90 silhouette sequences into overlgppin , . .
) . In the above experiments, silhouette sequences were di-
N-frame long action segments (we tried bath= 8 and

N = 20) with a 4-frame overlag. We refer to this as vided into overlap ping aCt'On segmgnts of 'e”@‘”.‘: 810
match the experiments carried out in [7]. The video frame

2http://www.wisdom.weizmann.acAlivision/SpaceTimeActions. html rate of sequences in the database is 50fps. Thus any 8-
3Thus there are typicall0 to 30 action segments. frame segment extends over roughly 1/6-th of a second.

where A, (C, C") are the generalized eigenvalues®fand
' ie.,



Table |
ACTION CONFUSION MATRIX FOR THE PROPOSED METHOD O8-FRAME SEGMENTS(CCR = 97.05%).

e} [oR g o) X~ ?) %IJ
c i~ [} = > >
bend 98.6 0 0 0 0 0 0 0 0 14
jack 0 100 0 0 0 0 0 0 0 0
jump 0 96.1 0 0 0 3.9 0 0 0
sjump 0 0 0 99.3 0 0 0 0 0 0.7
run 0 0 0 0 940 12 24 24 0 0
side 0 0 0 0 0 100 0 0 0 0
skip 0 0 1.0 0 10.3 0 86.7 21 0 0
walk 0 0 0 0 13 0 0 98.7 0 0
wavel 0 0 0 0 0 0 0 0 98.0 20
wave2 0 0 0 0 0 0 0 0 49 951
Table Il
ACTION CONFUSION MATRIX FOR METHOD FROM7] ON 8-FRAME SEGMENTS(CCR = 97.83%).
o — N
e ~ =3 1S ) o x > g
bend 99.1 0 0 0 0 0 0 0 0 0.9
jack 0 100 0 0 0 0 0 0 0 0
jump 0 89.2 0 0 0 10.8 0 0 0
sjump 0 0 0 100 0 0 0 0 0 0
run 0 0 0 0 98.0 0 2.0 2.4 0 0
side 0 0 0 0 0 100 0 0 0 0
skip 0 0 0 0 2.1 0 97.1 0 0 0
walk 0 0 0 0 0 0 100 0 0
wavel 0 0.9 0 0.9 0 0 0 0 948 35
wave2 0 0.9 0 0 0 0 0 0 19 972
Table 111
ACTION CONFUSION MATRIX FOR THE PROPOSED METHOD ORO-FRAME SEGMENTS(CCR = 98.68%).
o — N
e ~ = 1S © o x g g
bend 98.6 0 0 0.9 0 0 0 0 0.9 0
jack 0 100 0 0 0 0 0 0 0 0
jump 0 97.3 0 0 0 2.7 0 0 0
sjump 0 0 0 100 0 0 0 0 0 0
run 0 0 0 0 100 0 0 0 0 0
side 0 0 0 0 0 100 0 0 0 0
skip 0 0 1.0 0 7.0 0 916 14 0 0
walk 0 0 0 0 0 0 0 100 0 0
wavel 0 0 0 0 0 0 0 0 99.2 0.8
wave2 0 0 0 0 0 0 0 0 09 991

This may be too short to provide adequate information fordividual action segments are classified using an action
classification, since 1/6-th of a second may be insufficientlictionary and the nearest-neighbor rule according to the
to cover one complete period of the repetitive-structure ofmetric (3). Due to event complexity, imaging conditions

an action. Therefore, we can expect that as the length adr action repeatability errors, our segment-by-segment de
video segments increases, more discriminative informatio cisions are occasionally erroneous. However, when we fuse
will become available and this can potentially lead to im-the decisions from all individual action segments in a given
proved classification performance. Table Il shows theoacti  silhouette sequence by using the majority rule to generate
confusion matrix for our method when 20-frame segmentghe final decision (Fig. 3), the CCR turns out to be always
are used. 20 frames typically cover at least one full periodl00%. Admittedly, the use of majority-rule fusion may

of an action captured at 50fps. The overall CCR in this cas@ot be straightforward in streaming video since it is not

is 98.68%, which improves the classification performanceobvious which video segments should be fused together
over 8-frame segments by 1.63%. (i.e., the temporal boundaries of fusion may not be known

beforehand), but even a simple strategy of fusing a fixed
Thus far, we have described experiments in which in-



number of segments is likely to improve classification rates [9] E. Shechtman and M. Irani, “Space-time behavior-based

V. CONCLUDING REMARKS

In this paper, we proposed a new approach to actio

recognition in video based on a pre-computed and label

Yo

e

dictionary of object silhouette tunnel segments. The pro-
posed approach involves a novel action comparison method
based on a set of shape features of the silhouette tunnels!]
and a metric based on their empirical covariance matrices.
This comparison method, applied segment by segment, hasp)
been shown to be both effective and efficient. Our experi-
mental results indicate that the proposed method has simila
classification performance to that of a recent method of[l3]
Gorelick et al. but at significantly reduced computational

complexity. We have also proposed the majority rule to

fuse action decisions resulting from segment-by-segment
classification; the outcome of fusion is a classificationhef t
complete video as a specific action. Our ongoing research is
directed towards addressing numerous pending challenges
that accompany real-world video such as object occlusion

and clutter, detecting the temporal boundaries of actign se [

(14]

ments, managing action segment dictionaries, and handling
“endless” streaming video.
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