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Abstract: -Learningbased approaches for homogesanotion reincarnation often rely on large training sets. Most

of these approaches do not perform well when only a few training samples are available. In this paper, we consider
the problem of homogenous motion reincarnation from a multi clip per a&#mh clip contains at most 25 frames.

Here in this paper we are using a novel technique of image reincarnation based on artificial intelligence. Algorithm
for extracting and classifying multi clip motion in a sequence based on motion trajectories. Ritdtjsaale
segmentation is performed to generate homogeneous regions in each frame. Regions between consecutive frames are
then matched to obtain twoew correspondences. Affine transformations are computed from each pair of
corresponding regions to deé pixel matches. Pixels matches over consecutive clip pairs are concatenated to obtain
pixel-level motion trajectories across the clip sequence. Motion patterns are learned from the extracted trajectories
using a timedelay neural networkT he novelrepresentatiorof actionvideos is basedon learning spatially related
humanbody postureprototypesusing Self OrganizingMaps (SOM). Fuzzy distancesfrom humanbody posture
prototypesare usedto producea time invariant action representationMultilayer pereptionsare used for action
classification.The algorithmis trainedusingdatafrom a multi-camerasetup.An arbitrary numberof camerascan

be usedin order to recognizeactionsusing a Bayesianframework. Some of the drawbacks are occurred in this
framework we are proposinthe recognition of human motion into the following two: (i) stgpace based and (ii)

template matching based approaches.

. INTRODUCTION

Event detection and human action recognition
have gained more interest of late, among video
processing community because they find various
applications in automatic surveillance, monitoring
systems [2], video indexing and retrieval, robot
motion, human i computer interaction and
[28,30]. One of the

applications of human actio recognition is the

segmentation important

automatic indexing of video sequences, while most of

the multimedia documents available nowadays
are inthe MPEG [21] compressed form, to facilitate
easy storage and transmission, majority of the
existing techniques for human actiorcognition are
pixel domainbased [35,8,27,5,32,13,1,26] which are
computationally very expensive. Hence, it would be
efficient if the classification is performed in the
MPEG compressed domain without having to

completely decode the bitream and subsequbn
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perform classification in the pixel domain. This calls
for techniques, which can use information available
in the compressed domain such as motion vectors and
DCT coefficients. In the recent past, we reported a
technique for recognizing human actionsonf
compressed video using Hidden Markov Model
(HMM)[3], where the timeseries features used for
training the HMM are directly extracted from the
motion vectors corresponding to each frame of the
video. Though this approach has proven its ability to
classfy the video sequences, the extracted time series
features are not suitable for other efficient classifiers
(KNN),
networks, SVM and Bayes. In this paper we propose

such as Knearest neighbors Neural

a technique for building coarse Motion History Image
(MHI) and Motion Flow History(MFH) from the
compressed video and extract features from these
static motion history information for characterizing
The MHI

information of the motion at the image plane,

human actions. gives the temporal
whereas the MFH quant#s the motion at the image
plane. The features extracted from MHI and MFH
were used to train KNN, Bayes, Neural Network and
SVM classifiers for recognizing a set of seven human
actions. The encoded motion information available in
the MPEG video is exploitk for constructing the
coarse MHI and MFH. These MHI and MFH
represent the human action in a very compact
manner. Though the motion information extracted
from each frame of the compressed video is very
sparse, they are sufficient to construct the MHI and
MFH for representing the actions. This work is
motivated by a technique proposed by Davis and
Bobick [11] where a viewbased approach is used to
recognize actions. They have presented a method for
recognition of temporal

templates. A temporal

template isa static image where the value at each

point is a function ofthe motion properties at the
corresponding spatial locatian an image sequence.
The actions were represented by tbhemulative

motion images called Motion Energy Ima@dEl)

and MHI. MEI
occurred in the image plane, whereas MHI indicates
the

recognition, the Humomen{46], obtained from the

indicaes where the motion has

regency of motion using intensity. For
templates are known togjield reasonable shape
discrimination in a translation ansdcale invariant
manner. Extracted Hu moments are matchsidg a
nearest neighbor approach against the examples of
given motions already learned. This work was
extended byRosaleq27] using various classification
like  KNN with

dimensionaliy-reduced represetation of actions.

approaches and Bayes
This paper is organized as follows: Section 2 gives a
brief description of theproposedwork from the
literature. Section 3lescribes the basics of MPEG
video compression and tlewerview of the proposed
work. Section4 explains about theonstruction of
MHI and MFH. Feature extraction medures are
explained in Section 5. Section 6 presents the
Classificationresults.Human action recognition is an
active research field, due to its importance in a wide
range of apptations, such as intelligent surveillance
[1], humancomputer interactid], contentbased
video compression and retrieval [3], augmented
reality [4], etc. The term action is often confused with
the terms activity and movement. An action
(sometimes alsoatled as movement) is referred to as
a single period of a human motion pattern, such as a
walking step. Activities consist of a number of
actions/movements, i.e., dancing consists of
successive repetitions of several actions, e.g. walk,
jump, wave hand, et Actions are usually described

by using either features based on motion information
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and optical flow [5], [6], or features devised mainly

for action representation [7], [8]. Although the use of

such features leads to satisfactory action recognition
resuts, their computation expensive. Thus, in order
to perform action recognition at high frame rates, the
use of simpler action representations is required.
Neurobiological studies [9] have concluded that the
human brain can perceive actions by observing only
the human body poses (postures) during action
Thus,
sequences of consecutive human body poses, in terms
of human body silhouettes [10], [11], [12]. After

describing actions, action classes are, usually, learned

execution. actions can be described as

by training pattern recognition algorithms, such as
Artificial Neural Networks (ANNSs) [13], [14], [15],
Support Vector Machines (SVMs) [16], [17] and
Discriminate dimensionality reduction techniques
[18]. In most applications, the camer@wing angle

is not fixed and human actions are observed from
arbitrary camera viewpoints. Several researchers
have highlighted the significant impact of the camera
viewing angle variations on the action recognition
performance [19],[20]. This is the ®alled viewing
angle eféct. To provide viewndependent methods,
the use of multcamera setups has been adopted [21],
[22], [23]. By observing the human body from
different viewing angles, a viewmvariant action
representation is obtained. This representation is
subsequently sed to describe and recognize actions.
Although multiview methods address the viewing
properly,
recognition setup, which is difficult to be met in real

angle effect they set a restrictive
systems [24]. Specifically, they assume the same
camera setup in llo training and recognition phases.
Furthermore, the human under consideration must be
visible from all synchronized cameras. However, an

action recognition method should not be based on

such assumptions, as several issues may arise in the
recognition phas. Humans inside a scene may be
visible from an arbitrary number of cameras and may
be captured from an arbitrary viewiaggle. Inspired
from this setting, a novel approach in view
independent action recognition is proposed. Trying to
solve the generic &on recognition problem, a novel
view-invariant action recognition method based on
ANNSs is proposed in this paper. The proposed
approach does not require the use of the same number
of cameras in the training and recognition phases. An
action captured byrearbitrary number N of cameras,

is described by a number of successive human body
postures. The similarity of every human body posture
to body posture prototypes, determined in the training
phase by a selfrganizing neural network, is used to
provide aitme invariant action representation. Action
recognition is performed for each of the N cameras
by using a MultiLayer Perception (MLP), i.e., a
feedforward neural network. Action recognition
results are subsequently combined to recognize the
unknown actio. The proposed method performs
view-independent action recognition, using an
uncalibrated multcamera setup. The combination of
the recognition outcomes that correspond to different
viewing angles leads to actiaacognition with high
recognition accurac The main contributions of this
paper are: a) the use of Self Organizing Maps (SOM)
for identifying the basic posture prototypes of all the
actions, b) the use of cumulative fuzzy distances from
the SOM in order to achieve tirievariant action
represerdtions, c) the use of a Bayesian framework
to combine the recognition results produced for each
camera, d) the solution of the camera viewing angle
identification problem wusing combined neural
networks. An overview of the recognition framework

used in theexistingapproach and a small discussion
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concerning the action recognition task is given in
Section?. Section8 presents details of the processing
steps performed in the proposed method.
Experiments for assessing the performance of the
proposed method adescribed in Sectiof. Finally,

conclusions are drawn in Sectithf.
. PROPOSED WORK

In this section we will give a brief description of

works related to human motion and gesture
recognition. The recognition of human motion can be
broadly classified intohe following two: (i) state

space based and (ii) template matching based

approaches.
2.1. State-Space Based Approaches

Statespace approach uses tiweries features
obtained from the image sequences for recognition.
The widely used statgpace model for actity
recognition is HMM due to its success in the speech
community. The first attempt to use HMM for
activity recognition is done by Yamato et al.[35],
where discrete HMMs are used for recognition of six
tennis strokes. In their approach time sequential
images expressing human actions are transformed to
an image feature vector sequence by extracting
mesh[33]feature vector from each image. The mesh

features are extracted from a binarized

image obtained after subtracting the background
image from original imageéy applying a suitable

threshold. The drawbacks of this method are that it is
sensitive to position displacement, noise, and also
exhibits poor performance if the training and test
subjects are different. The gesture recognition work
by Darrell and Pentfa[9] uses timewvarping

technique for recognition which is closely related to

HMM. On similar lines, dynamic time warping is
used in Ref[6] to match an input signal to a
deterministic sequence of states. Starner and
Pentland[31] used HMMs to recognize @nited
vocabulary of American Sign Language (ASL)
sentences. Here, they used a view based approach
with a single camera to extract twdimensional (2D)
features as input to HMMs. In the work by
Bregler[8], this classification problem has been
approached &m a statistical view point. For each
pixel in the image, the spattemporal image
gradient and the color values are represented as
random variables. Then the blob hypothesis is used
wherein each blob is represented with a probability
distribution over cberent motion, color and spatial
support regions. Recently lvanov and Bobick[17]
proposed a method, which combines statistical
techniques used for detecting primitive component of
an activity with syntactic recognition of process
structure. In this approhahe recognition problem is
divided into two levels: (i) the lower level detection
of primitive components of activity followed by (ii)
the syntactic recognition of the primitive features
using a stochastic contefcee grammar parsing
mechanism. AnotheHMM based human activity
recognition method is reported by Psarrou et al.[25].
Here the recognition is based on learning prior and
continuous propagation of density models of
behavior patterns. Ng et al. [22] proposed a-tiead

gesture recognition system

incorporating hand posture and hand motion. The
recognition is done with HMM and recurrent neural

networks (RNN). There are few works reported in
literature which use neural networks for gesture
recognition[19,7]. Boehm et al. [7]Jused Kohonen

Feature Map (KFM)[18]for recognizing dynamic
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gestures. Oliver et al.[23]proposed a system for
modeling and recognizing human behaviors in a
visual surveillance task. This system segments the
moving objects from the background and a kalman
filter
coarse shape, color and velocity. These features are
used for modeling the behavior patterns through
training HMMs and coupled HMMs (CHMM), which
are used for classifying the perceived behaviors.
Based on the abowmentioned workMadabhushi and
Aggarwal[20] presented a system for recognition of
human action by tracking the head of the subject in
an image sequence. The difference in centroids of the
head over successive frames form their feature
vector. The human actions are modebased on the
mean and covariance of the feature vector. Here
detection and segmentation of the head is done
manually. Apart from the above mentioned pixel
domain statespace based approaches, recently we
have proposed a technique for recognizing human
using HMM in
framework [3]. Here the time series features from the

adions compressed domain
MPEG video are extracted from the readily available
motion vectors of each inter coded frame. Totally
seven actions were considered for recognition (walk,
run, jump,bend up, bend down, twist right and twist
left). A discrete HMM for each action is trained with
the corresponding MPEG video sequences. The
recognition of a given action is achieved by feeding
the test sequence to all the trained HMMs and
The

employing a likdhood-based measure.

performance of the system for three types of

motion-based features were compared. 2.2. Template
matching based approaches One of the earlier works
using this approach is found in the work done by

Polana and Nelson [24], where thiew information

is used as feature. They compute the optical flow
fields[15]between consecutive frames and divide
each frame into a spatial grid and sum the motion

magnitude to get the high dimension feature. Here

t r a cfdaturestshch asddegtianc t Otleey assume that the human motion is quid. The

final recognition is performed using nearest neighbor
algorithm. Davis and Bobick [11,5] presented areal
time approach for representing human motion using
compact MHIs in pixel domain. Here, the recognition
of 18 exercises was achieved by sthtally
matching the higher order moment based feature
extracted from the MHI. The limitations of the above
met hod ar e related to the
calculations and specific label based recognition. To
overcome these lirdtions the author extendighe
previous approach #i a mechanism to compute
densdocal motion vectofield directly from the MHI

for describing the moveméefil0]. For obtaining the

dense motion, the MHI is represeatl at various
pyramid levels tatackle multiple speexdof motion

These hierarchicaflHlIs are not directly created from

MHI, but

represerdtion of the silhouette imageghis indirect

the original through the pyramid

way of generatingMHI pyramid increasesthe
The

charactetized by a polar histogramof motion

computational load. resulting motion is
orientation. RosaleR7]use these motiomergy and
MHIs[11]for obtainingthe spatial location anche
temporal properties of humaattions from raw vido
sequences. From these motienergy and MHIs, a
set of Hu-moment[16]éatures that arénvariant to
translation, rotdon and scaling are generatédsing
principal component analysis, the dimensiontlugé

Hu-moment space is reduced in a statistically optimal

way. The recognition pesfmances were evaluated

for the following three clasifiers namely KNN,
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Gaussian andnixtures of Gaussian. Althe above
mentioned techniqueprocess the data in the pixel

domain, which iscomputationally very expensive.
Ill. SYSTEM OVERVIEW

The objective of our works to rapidly process the
video stored in MPEG format, whout fulk-frame
decompressiorfor recognizing humaictions. Here
we are using thenotion vector data, kich is easily
extractable fronthe MPEG video bistream for our
recognition task.Though we have useMPEG-1
video, our algdathm is easily extendable to MEG-2
or the recent MPE@ videostreams. To begin with,
we briefly describe the relevaparts of MPEG video
compression standardhe MPEGL1 video defines
three types of coded picturesmely:interceded(l-
frames); predict® (P-frames); and bidirectional
predicted (B-frames). These pictures amrganized
into sequences of groups of pictures (GOPYIPEG
video streams. AGOP must start with asfframe,
followed by any numbeof P- and Bframes. The -
and P-frames are refertkas anchor frames. The-B
frames appear between each pair of consecutive
anchor frames ithe GOP and before theframe of
thenext GOP. Fig. Ehows the typical GOP sitture
that is used in our workvith 12 frames in a GOP.
is wded

overlappingmacroblocks. For videoodling in 4:2:0

Each frame of the video into nomn
format[29], eachmacroblock consist of six 8x8
pixel blocks: four luminancéY)blocks and two
chrominanceCb;Cnblocks.

either intra coded or inter codedAnl-frame is

Each macroblock is

conpletely intra coded. Here every 8»pixel block
in the macroblock is transformed térequency
domain using the discte cosine transformation
(DCT). The resulting 64 DCTcoefficients are then

quantized (lossy) and entropy (ru length and
Huffman, losslessgncoded to achieve comgssion.
Since coding of frame does not refer to any other
video frames, it can be decodéedlependently and
thusprovides access points for fasndom access to

the compressed video.

Bi-directional

Forward Prediction ycicagtan
Prediction

P B B

Figure 1. Data representation for input

operations.

Eachframe is predicatively encoded with
reference to its previous anchor frame (i.e. previous
I-or Pframe). For each macroblock (16£16 pixel
block) inRframe, a local region in the anchor frame
is searched for a good match in terms of diffeeeimc
intensity. If a good match is found, the macroblock is
represented by a motion vector to the position of the
match together with the DCT encoding of the residue
(i.e. difference) between the machkdock and its
match. The DCT coefficients of the resa&l are
guantized and entropy coded while the motion vector
is differentially and entropy coded with respect to its
neighboring motion vector. This is known fasward
motion compensation, and such madiocks are
referred asinter coded macrdlocks. If gopod match
cannot be found, the machbock is intracoded like
the macroblocks of Hrame. Since the residue of an
inter coded macrdblock can be coded with fewer
bits, it has better compression gain compared to the
intra coded macro block. In our work éhmotion

vectors extracted from theseff@mes are used for
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recognizing human actions. The coding efr&me is
illustrated inFig. 2. To achieve further compression,
B-frames arébidirectionatally predicativelyencoded
with forward and/or backward motiacompensation
referenced to its closest past and/or futu@nd/or P

frames.

(b) (c)

Figure 2: (a) key frames of band down
sequence and corresponding coarse (NIHI (c)
MFH.

Since Bframes are not used esference frameshey
can accommodate more distorticend thus, higher
compression gain compared teod P-frames. The
overview of the proposed system is shown inFig. 3.
First the motion vectors are extracted from the
compressed video by partially decoding the MPEG
video bitstream. This partial decoding far less
expensive compared to the full decoding. Since the
sampling rate of the video is normally very high
(typically 25 frames/s) compared to human motion
dynamics, it is not necessary to extract the motion

vectors from all the frames. Hence we havedus

Current frame

“°|--- Best Match
= ... Motion ______
Vector

-~ -= DCT + Quant + RLE

v
| Huffman Coder

]

Bitstream

Figure 3: Coding of Rframe.

Compressed Partial
- Decoding of
Video Motion Vectors

L
Construct
Coarse
MHI and MFH

L]

Classifier Recognized
[ 7] (KNN,Bayes,
Neural Net)

Feature

Extraction Action

Figure 4: Overview of the proposed work.

As motion vectors are usually noisy, the
coarse MHI and MFHare constructed after removing
the noisy motion vectors. The constructed coarse
MHI and MFH are at macro block resoluti and not
at pixel resolution. Hence the size of the MHI and
MFH are sixteen times smaller than the original
frame size i.e. 162 times smaller in terms of number
of pixels. In feature extraction phase, various features
are extracted from the constructedacse MHI and
MFH, which hold the

information of the video sequence. The features

temporal and motion
based on projection profiles and centroids are
extracted from MHI. Affine features and motion
vector histogram based features are obtained from the
MFH. These features are finally fed to the classifiers
such as KNN, Neural network and Bayes for

recognizing the action.
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IV. REPRESENTATION OF ACTION frame. The spurious motion vectors, which do not
USING MHI AND MFH belong to the moving object, are removed by

connected component analysis before constructing

Since we are interested in analyzing the motion . .
MFH and MHI. To remove the spous motion

occurring in a given window of time, we need a ! ) ) )
vectors, first a binary image of the frame is generated

metod that allows us to capture and represent . . )
P P from the motion vector magnitude with a threshold of

motion directly from the video sequence. Such static . .
y q 0.5 to retain the haibel motion values. Then a

representations are called MEls, MHIs and MFH. , . L
simple morphological clean operation is employed to
They are functions of the observed motion ) ]
remove i sol at eds somounded hy vect ol

arameters at the corresponding spatial image
P P g sp g 6s). The MFH i s-zavooRframer uct ed

location in the video spience. ) ) ,
R motion vectors according to the following:

MEI is basically a cumulative binary image with only
spatial, and no temporal details of the motion
involved. It answers the questiq@ wher e di d t he
motion occur?). MEI can be obtained by binarizing
the MHI. The MHI is a cumulative gray scale ineag ] ]
Here med refers to median filter, can be

incorporating the spatial as well as the temporal )
horizonta{mx) component or vertical (my)

information of the motion[ 11]. MH I points to, Owher e
] ) component of motionector located atkth row and Ith
and when did the motion occur?2d I't does not convey

column in frame tandaindicates the number of
any information about the direction and magnitude of ] ) )

previous P-frames to be considerefor median
the motion. MFH gives the information abouteth

filtering. Typical range ofa|s 8 5 for variouskinds

extent of the motion at each macrobl ck (o6where and
_ _ of noise. Since the correlatlon of the frames decreases
how much did the motoroccur ?26) . I n case

of
with the temporal distance between them, it is not

occlusion,the old motion information is ovaxritten ) )
advisalle to increase the avalue beyond 5. The

by the newreliable motion information. _ o )
functionEcheckghe reliability of the current motion
vector with respect tathe past noizero motion
vectors at the same locatiamgainst a predefined

Figure 5: Image actions in different angles. threshold Tr: The purpose of thithresholdTr is to
check the eliability of each newly arrivingnotion

Since itis conputationally very expensive to vector. Considering the human motion dynamibs,

decode the full video, we use the readily available .\ 10 c of current-Rame cannot change
encoded motion information in MPEG {sitream for

constructing the coarse MHI and MFH. The motion

vectors not only indicate the blocks under motion but

also give the informtion regarding magnitude and

direction of the block with respect to the reference
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