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METHOD AND SYSTEM FOR HUMAN MOTION RECOGNITION

PRIORITY CLAIM
[0001] The preseﬁt application claims priority to Singapore Patent Appliédtioh No. -

201304548-9, filed 12 June, 2013.

FIELD OF THE INVENTION
[0002] The present invention generally relates to surveillance and recognition
technology, and more particularly relates to a system and method for human motion

.tecognition.

BACKGROUND OF THE DiSCLOSURE

_[0003] There has been a surge,» in Tecent years, towards the study of human action
re_cognition‘ because it is fundamental to many computer ‘visiqn applications sqch as
videé surveillance, 'human-_computer interface, an& c‘on_tent-based’ video retrieval.
While the human brain can recognize an action in a seemingly effortless fashion,
recognition solutions using computers have, in many_ éas‘es, proved to be immensely
difficult. | | |

~t0004] One challgnge is the chofce of optimal representations for human actions.
Ideally, :the>r¢presentatiqnvsho.uld be robust»against inter- or'iﬁfra-variations, noises, -
temporal 'Qariatiéné, apd sufﬁc’:iéntly rich to Adiffere‘ntiateA a large numb& of f)ossible
actions. Practically, such répresentations do not exist.

[0605] It is well documented that human actions can be encoded as spatiél
information of body posés'and dynamic information 6f 'body motions. Howéver,

some actions cannot be' distinguished sélely using shape and/or motion features. For
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example,' a skip action may look very similar to a run action if only the pose of the
body is observed. | |

[00061 The classiﬁcation task would be simplified if the m_otion flow of the entire
'body is considered simultaheously. Using this approach, one would expect that the
skip action generates more veﬁical flows (ur;ward and downward flows) than the run
action. In addition, actions such as jogging, walking and running can be» easily
confused if only the pose information is used due to the similarity of postures in the
action sequences.

[0007] Likewise, there -are some actions which cannot be fully described by motion
feature alone‘. | Combining both inotion ~and shape cues poféntially provides
complementary information about an action. Thus, conventionally, motion ond shape
feature vectors are concotenated to form a super vector. However, the super vector
obtained through suoh concatenation may not explicitly /convey. the underlying action.
Moreover, the super vector is uﬁnecessarily long and requires complex feature
dimension reduction techniques.

[0008] Thos, what is needed is a system and method for efficient recognition of
“ human motion. - Furthermore, other desirablo features and oharootéristics will become
‘apparent from the subsequont detailed description and the appeoded claimé, taken in

conjunction with the accompanying drawings and this background of the disclosure.

SUMMARY
[0069] ~ According to tﬁe Detailed Description, a rhethod for human inotion
'focognition is provided. The method includes decomposing a video sequence into 5
pluralit_y of atomic actions and extracting features from each lof the plurality of otomic.

actions. The features extracted include at least a motion feature and a shape feature.
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The method further includes performing motion recognition foi each of the plurality
Aof»e(tto»mic actionis 1n résponse to the featui'es.
[0010] In accordance with anpther aspect, a sysvtem for human motion reco gnition is
pr’o‘vided. The systeni includes a video sequence decomposer, a feature extractor, and
: a’rii-(-)tio_n recognition module. Thc video sequence -depomposer decomposes a video
" sequence into a plurality of atomic actions. The feature extraci:or éxtract's features
from each of the plurality of atomic actions, the féatures including at least a motion
feature and a shape feature. And the motion recognition module.perfornié motion

recognition for each of the plurality of atomic actions in response to the features.

BRIEF DESCRIPTION OF THE DRAWINGS
[0011] The accompanying figures, where like reference numerals refgr to identical
or functionally similar elements througliout the éeparate views and- which together
with the detailed description below are incorporated in and form part of the
specification, serve to illustrate various embodiments and to explain various
~ principles and advantages in accordanc_e with a present embodiment. |
[0012] FIG. 1, comprising FIGs. -1»A_'_to 1D, pictorially illustrates huinan motion
action sequences, wherein FIG. 1A- illustrates action sequiences of the human motion
of walk, FIG. 1B illustrates action sequences of the human motion of run, FIG. 1C '
illuétrates the human motion of skip, and FIG. 1D illustrates thé human motion of run
for comparison to the human motion of skip (FIG. 1C). |
[0013] FIG. ‘2,"comprising FIGs. 2A, 2B and 2C, depicts decomposition of human
: v.walking action in accordance with a present‘enibodiment, wherein FIG. 2A’depipts

right-leg stepping, FIG. 2B two-leg'crdssing, and FIG. 2C left-leg stepping.
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[0014] FIG. 3, compl'ising FIGs. 3A, 3B and 3C, depicts motion ﬂcw and shape
flow Vectors of the human mction of running in- accordance with the dpfeseﬁt
'embodiment, wherein FIG. 3A depicts the motion of running with both vectors, FIG.
3B depicts the motion flow vectors only, and‘FIG;SC dcpicts the shape flow ’vectors_ '
only.

[0015] FIG. 4, comprising FIGs. 4A and 4B, depicts illustrations of histogram
binning in accordance with the preseht embodiment, wherein FIG. 4A depicts a graph
of the human motion vectors“of FIG. 3 and FIG. 4B depicts histogram biming the
- vectors of FIG. 4A in accordance with the present embodiment.

[0016] FIG. 5, compﬁsing FIGs. 5A and 5B, depicts regicnal concatenation
histogram binning in accordance with the present embodiment, wherein FIG. 5A
depicts a bounding box illustrating a human motions and divided into four regions and
FIG. 5B depicts concatenation of resultant histograms from each region.

[001’?] FIG. 6 dep_icts a block diagram of a system for resolving an action video into
a collection of repetitive atomic actions in accordance with the present embodiment:
'[0018] FIG. 7 depicts a representation of a first portion of the operation of the
system of FIG. 6 where the action video of human motion on the left is rcSOIVed into a
ccmbination of regional concatenation of resultant histograms in accorddnce with the
_present embodiment | |
[0019] FIG. 8 depicts a representation of a second portion of the cpérdtion of the
system of FIG. 6 where the resultant Hisfograms are cluStqed into distance weighted
bag-of-automatic-actions in accordance with the present embodiment.

[0020] FIG. 9, comprising FIGs. 9A, 9B and 9C, depicts motion recogmtxon 1ﬁ
accordance w1th the prescnt embodiment of six dlffercnt human actlon sequences

from two different human action sequence datasets, wherein FIG. 9A illustrates the
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six different human action sequences utilized for thé comparison, FIG. 9B is é graph
of the ’a.ccurac-y of recognition of various'hﬁman action features in a first hﬁman_ action
sequence dataset by motion r_ecoé,niﬁon in accordance with the present embodiment,
and FIG. 9C is a graph of the accuracy of recognition of the various human action
features in a-second human éction sequence détaset by motion }re'c‘ognition in
accordance with tﬁe present embodiment. ‘
‘[0021] And FIG. 10 illustrates a 6x6 matrix of the motion recognition in accordance
v;'ith the present embodiment of the six different human action sequences in both
humaﬁ ac?ion sequenceA datasets of FIG. 9 where the six different human action
sequences are listed along the verticél and the recognized human actions are listed
along the horizontal. "

[0(_)22] Skilled artisans will appreciaté that elem_eﬂts in the figures are illustfated for
simplicity:'éhc‘l claﬁty and ha\}e'not necessarily been depicted to scale. For example,
the dimens_ions of some of the elements in the block diagrams_or flowcharts may be
exaggerated in respect té other elements to help to iﬁmpr'ove understanding of the

present embodiments.

DETAILED DESCRIPTION

[0023] .The ’fol-lﬂo.wing detailéd description is me_reiy exemplary in nature and is ‘not-
intended to limit the invention or the application aﬁd uses of the."‘inventidn.:
Furthermore, there is no intention té be bound by any theory 4prcsented in the
preceding-backg‘round of the inv_enﬁon or the following detailed description. It is the
_intent pf this invention to prcsent‘ah efficient and recogniﬁon of h;lman action with
impréved accurac.:y‘.‘ |

[0024] As stated above, human actions b' can be encoded as spatial information of

body poses and dynamic information of body motions. Referring to FIG. 1,

s
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compriéing FIGs. 1A to 1D, action sequences of human actions are showﬁ. In FIG.
1A, an> éctiori s'ec.l‘uence. 100 depicts five views 102, 104, 106, 108, 1'10 of a person
walking. In FIG. 1B, an acﬁoﬁ ;equence 120 depicts five views 1..»22, 124, 126, 128,
130 of a person running. ‘Some actions cannot be distinguiéhed solely using'shape
and/or motion features. In FIGs. 1C and 1D, two views 140, 150 depict single body
poses of two different h\iman- actions. It is difficult to distinguish a skip action in the
vievslf 140 from a run action in thé view _1 50 because when» énly the pose Qf the body is
observed at a single point ‘in the action, the skip action view 140 appears very similar
to the run acfion vieW 150, | |

. [0025] In accqrdancg with the present embo.dimient,-i a complex human action
sequ,e‘nce-is decompbsed into a sequence of elementary building bloéks, known as
‘atomic actions’. Referring toi FIG. 2, comprising FIGs. 2A, 2B and 2C, the human
action of walking is broken down into several atomic actions 200;210’ 220. FIG. 2A
depicts the atomic action 200 of right-leg stepping, FIG. 2B depfcts the atomic action
210 éf two-leg crossing, and FIG. 2C depicts the atomic action 220 left-leg crossing.
[0026] Shape and motion are ';he two most important cues for ac;tions, and atomic
actions can be‘.‘synthes.ized’ from both elements. “FIG. 3, comprising FIGsA. 3A, 3B
;cmd 3C, illustrates thése cﬁes; In the view 300 of FIG. 3A -an atomic action of a
person 302 'vrunbning is shown; A first set of vectors 304 are vectors depicting mbtion
flow (e.g., right forearm méving up, left forearm moving féfWard, left leg moving
forward, right lowef leg rﬁoving up). The first sétv of vectors 304 are extracted into a
motion flow vector view 316 in FIG. 3B. A second set of vectors 306 are vectors
; depicting shape flow (i.e., yeétors identifying the outline of the éhap_e). The sccond |

set of vectors 306 are extrécted into a shape ﬂow vector view 320 ih FIG. 3B.
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[0027] Observing shape and motion is a very natural, way to recognize an action.
- The \}isdal cortex in:‘the b_rain has two-pathways to pro'cess‘l_sh'ape and rnotion
" information. Motivated by the robdstness of histograms of Afeatures, in accordance

with ; a present embodiment a histogram-of-oriented gradient '(HOOG) and a
histogram-of;eriented optical ﬂew (HOOF) are nsed.as shape and motion descriptors,
respectiyel"y. HOOG is also be used as 5 p0se descriptor.

[0028] Snch a feature is more robust against scale variation and the_change. of
‘motion direction. A method fer extraction of the HOOF and the HOOG in
aceordance wit‘n the present embodiment is illustrated in FIG. 4, eernlarising FIGs. 4A
and 4B. A vIn FIG. 4A, a éraph 400 of human motion vecters includes a horizontai axrs ,
405 and a vertical axis 410. Pose and shape vectors 412, 414, 416, 418 plotted on t}ie
graph 400 and are divided in accordance with their primary angles from the lion'zontal
axis 405 (i.e., their symmetry about the vertical axis 410).

[0029] “‘AReferring te FIG. 4B, a four-bin histogram 450 bins the vectors 412, 414,
416, 418 in aecerdance with their symmetry about the vertical axis 4104—that is the
Qecto‘rs 412 are binned in bin 452, the vect_ors 414 are b_inned‘ in bin 454, the vectors
| 416 are t)inned in bin 456 and the vectors 418 are binned in bin 458. In this manner,
the histogram bar graph 450 deplcts human motion feature extractlon of pose, shape
and motion as a hlstogram cornb1nat10n of the HOOG and the HOOF. The histogram
450 is normalized to sum up to umty to make 1t scale-mvanant In this manner there
1sv no need to normalize the size of each of the bounding boxes 452 454, 456, 458.
[0030] ‘As a result, the histogram ofa person movmg from left to nght will be the
'same. as a histogram of a person ‘moving from right to left (1.e., the method in

~ accordance with the present embodiment is direction indiscriminate). The
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contn'butién of each vector is propox.'tional' to its magnitude and the histogram is
nonnalized to sum up to unity fo make it scale-invariant.
[0031] FIG. 5; coniprisiné FIGs. 5A aﬁd 5B, depicts regional concatenation
histogram bimﬁr_xg in accordance with the_pres'erft)emﬁodiment. Spatiél information is
considered by dividing a bounding box 500 of a subject 510 into 'é 4 x4 matrix of
regions 512, 514, 516, 518, as shown in FIG. SA. A resultant histogram 550 depicts
i concéfenation of four-bin histograiné 552,554, 556, 558 from each region.
[0032] As discussed above in regards to FIG. 2, a complex action can be
decomposed into a sequénce of elementary building blocks known as atomic actions.
Referring‘;'to'FIG. 6, a vblock'diagram 600 de;.)icts:a' system in accordance with the |
‘present embodiment. An atomic action is deﬁﬁéd as the action performed at video
frame ¢ of a video -602. It is represented by a shape histogram (i.e., HOOG) 604
eXtracted at frame ¢ and an éptical ﬂow'histogram (i.e., HOOF) 606 .cor‘nputed at
frames (1—1) and ¢. Therefore, the 7-frame action video 602 has (T - 1) number of
atomic actions.
[0033] Suppose action, shape, and motion are three discrete random variables: Z; S;
Mwith distribuﬁon z[x]; s{x]; and m[x] respeqtively, where [ ] represents discfete data.
s[x] and mi[x] are basically ‘the shape and motion histogrérns computed. In a further
assumpt‘ion, an action is a functiqn of shape and motion, i.e., Z = f{S;M). -'The
| simpleét function would be a summation: | | »
Z=5+M (1)
[0034] According to probability theory_; thé sum of discrete random variables wil]
produce a new random variable with ‘distribution thét can be deténﬁinéd via

convolution. Therefore, the distribution (histogram) of an action can be determined -

by
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Is:—{—ao» - _
z[z] = s[z] * mle] = Z slklm[z — k]~ (2)
. : k=—o00 o
where the as_teris’k “** denotes the convolution operator. The idea.of using a .
convolution operator is also inspired by success of COnVolutioh-based reverb
applications in ‘ digital signal processing (DSP). In DSP, convolﬁtion' is a‘,
matherﬁatical way of combining two source signals to form an outpu{signal. The
outpﬁt signal bears the chéracteristics of both sources._‘ Convolution-based reverb is a
process for digitally simulating the reverberatioﬁ of a virtual or phyéical space.
Given the impulse response of a space whi}ch can be obtained by recording a short
burst of a> broadband signal, any “dry” signal (1itﬂe room or spaée influence) can be
convolved with the impulse response. The result is that the sound appears to have
been récorgled in that épaée. Analogously, knowing that an action is characterized by
both shape and motion informétion, an atomic action histogram can be obtained by
édnvolving the corresponding shape histogram (HOOG) 604 and motion histogram
(HOOF) 606. The convolution operation 608 is commutative, which means that the
order of the inputs does not mathematically matter.
[0035] The length of the output is gith by the expression //s// + Jmf — 1. This
representation has twd major advantages. 'First, tile action histogram» is more robust
against noises. Th1s ‘is Because each bin in fhé action histog;éni is influenced by bins |
in the shape histogram weighted by the motion -histogram or vice versa (the
commutativé property'of ‘convvolution).v Therefore the effect of abrupt éhanges in the
histogram magnitude can be minimized. Second, the action histogram producedv }ising
| convolution . is more discrifninative. The rétio of inter-class distance to intra-class -
distance is measured and the results on a known humén action Video dataset is shown -

below in Table 1.
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[0036] Table 1 shows a comparison of normalized inter-/intra-class distance ratio on
a _known human action video dataset for different types of feature combination
methods where a Hellinger distance measure is-used to compare two histograms: R

2

Dulslelimlzl) = [1- 3 VeRlmE| ()

A higher value indicates that the feature is potentially more discriminative.

Combination Strategies | Ratio

Convolution (Conv) 1.0000

Summation (Sum) ‘ - 0.8535

Productl(Prod) ' : | 0.8489

- Concatenation (Concat) - 0.8743
Table 1

The results suggest that the convolution operation produces featuré vectors that are
potentially more discriminative than the features obtained through other combination
methods.

[0037] In one éXample, an action video is represénted as a colléctiop of repétitive ,
) atomié,act_ions. The basic concept is illustrated in FIG. 6. Recall that atomic actions
are characfeﬂzed by the convolved shape-motion histogram. A visual codebook can
be created by performing K-megns clustering on all atomic actions from the training
data. The cluster cenfroids serve as the ‘_visualnco‘dewords. Next, each atomic éction
in the video is cbmpared against those codewords and the distances are recorded .
acqordingly. The distance between the a’_[qm_ic action and its nearest codeword is used
to weight the histogram bin. The histogram for all relevanf codewords in a video is

computed by 'ag’gregating their respective distances. This final represéntation allows

-10-
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any lengthy video tobbe_‘compressed’ into a compact histogram. The histogram is
normalized such that a sum .of the bins is urﬁty. - The normalization erisures that the
histogram distribution is inVariant to the v1deo length. For iﬁstant, _given a particular
éction élaSS, codewords (i-e., key afémic .actions) ﬁ_’*eq'lleﬁcies» for a variabié iength
video rémain relatively staBle_. The aforementioned compact Video represéntation can
also be called distaﬁce weighted bag-of-automatic-actions (i.e;, bag-of-words model
610).
~ [0038] Referring to FIG. 7, another representation 700 of the system 600 (FIG. 6)
takes an atomic actioh 702 and extracts a HOOG histograph 704 and a HOOF
histograph 706. The histographs 704, 706 are convoluted to form a distancé weighted
bag-of-automatic-actions resultant histograph 708. |
| [0039] Referring to FIG. 8, a repfesentat_ion 800 of a second portion of the operation
of the system 600 where the resultant histo grams are cluster.ed’ into distaﬁce weighted
bag-of-automatic-actions in accordance with the pres“ént embodiment is depicted. A
human action is bfoken down into several atomic actions 802. Histograms of the
atomic actions 802 are clustered with a K-means operation as shown in a graph 804 of
the clusters. Then, each étomic action 802 1is assigned té_its closest cluster cent& 806,
808, 810. In this manner, a contributvion" of each atomic _action 802 to avhistogram 820
is inverseiy proportional to the atomic action’s distance fron; a cluster center. The
entire video Asecllue‘nce is then repfeSented in the distancé weighfed oéc_urrence
histogrém 820 of yisual wérds in bins 822, 824, 826, 828, 830. At a normalization
step 840, a sum of the bins 822, 824, 8'2‘6', 828, 830 is normalized to one. Thus, the
sum of the bins 822, 824, 826, 828, 830 is normalized to .one‘is unity and, thﬁs, is
advan.tageously‘ invariant to a video lméh of the eﬁtire video éeq}lence of the atomic

actions 802.

-11-
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[0040] The action recognition framewcrk in accordance with the present -
embodiment has been evaluated usiné a ﬁrst and a second publicly available dataset, -
‘ identtﬁed as the Weizmann dataset (the first dataset) and the KTH dataset (the second
dataset). The KTH dataset has been reéa'rded either as one large set thh strong‘intra- :
subject var_iations‘ (all-in-one) or as four independent scenarios. In the lattet ‘case,
each scenario is trained and tested separately. . FortheKTH-based eya?uatipn, th,e,
focus was on the KTH all-in-one case. |

[0041] Since the KTH dataset size is much larger than the Weizmann dataset size, a
K-means algorithm is used to cluster the trainiug tlata as seen in the graph 804 .Each
class in the KTH vdataset'is quantized into ﬁve Hundred clusters. ThlS iq‘vuantizaticn
can feduce the intra-class variation and computatioual titne. A leave-one-out CToss
validation (LOOCV) protocol is u'sed in all of the evaluations; Table 2 shcws_ the

' LOOCYV recognition rate.

Table 2. LOOCV classification accuracy using different number of clusters.

Dataset No. of Clusters Convol Sum Prod  Concat HOOG HOOF
5 - 96.67 87.78 . B7.78 86.67 66.67 73.33
10 100 04.44 04.44 93.33 74.44 78.89

Weizmann .15 100 g7.78 04.44 08.89 7778 81.11
20 100 - .)7.7 96.67 o7.7 78.80 84.44
25 100 Q8.89 96.67 g7.78 S1.11 53.3
10 | 8394 7025 - 7222 7558 4588 5773

KTH 25 - 9163 79.94 79.02 83.30 51.90 © 63.88
40 92.46 82,44 - 81.43 87.64 45.24 64.88
{)5 ‘9146 8443 83.62 86.97 - 45.58 63.27-

Table 2

For the Weizmanu dataset which only us'es five clusters (codewords), the convolved
feature yields a much higher accuracy (96.67%) as compared to. other features. When
the number of clusters is 1ncreased further the convolved feature con51stently gives
| perfect classification accuracy (100%) Usmg only shape feature (HOOG) or only

motion features (HOOF) results in poorer results than using.a method in accordance

-12-
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with the présentk embodiment. On average, the method in -accvordance with the present
embodiment provided about 11,29% overall imprdvement as .comparéd_ to other
‘methods. - | |

 [0042] »Re.ferring to FIG. 9, comprising FIGs. §_A, 9B and 9C, motion recdgnition in
ac_éordance with thé‘. present 'embédiment of human action éequences 900 including
six diffefént human action sequences 902, 904, 906, 908, 916, 912 from the KTH
human action sequence dafasets ié pérformed, examined aﬁd cdmpared; In FIG. 9A, |
the six-different human gction sequences utilized for the comparison are boxing 902,
clapping 904, wgving 906, walking 908, jogging 910, and runnin‘g 912. FIG. 9B is a
bar graph 920 of the accuracy (plotted along a -\./erticalnaxis 924) of recognition of -
various human action features using different numbers of clusters (plotted along a
horizontal axis 922) in the Weizmann human action sequence ‘dataset by motion
recoghitidn- in accordanceﬁ%with the present embodiment using a variety of K-me.ansv
clustering ép"erationé (as- ‘describedn in accordance with FIG. ‘8). It can be seen that
convolving ‘histogréms in acéordance with the present embodiment provides the
highest accuracy no mattér_ how many clustgrs are ﬁsed in the K-means clustering.
- operations. FIG. 9C is a graph 940 of the accuracy (plotted along a vertical axis 944)
 of recognition of various human action features .using different numbers of clusters -
(plotted'along a horizontal axis 942) in the KTH huméh action s'equ‘e'ri'cv:e dataset by
métion fecogriition. in. accordance with the present embodiment, also usmg a variety
of K-means clustering operations,; It can be seen that conVolviné histograms in
accordance with the present embodiment as shéwn in the graph 940 provides the
Iiighest accuracy using the KTH dataset also, no matter how many clusters are used in

the K-means clustering operations.

13-
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[0043] Higher accuracies are attained fr_orn. the convolved featufe for all ‘number of
clustefs of bthe KTH dafaeetﬁ_ The advantage._of using the convolved feature'is rnore
'promment in the KTH dataset. The auerage 1rnprovement over all other five features
s 19.56%. Agam the HOOG feature alone or.the HOOF feature alone falls to
prov1de dlscnmmatlve mformatlon One 1mportant observation from the results in the
graphs 920, 940 is that the method and system in accordance with the present-
“embodiment consistently requiresa much smaller number of clusters or codewords to
give higher accuracy; For exanaple, withonlly ten clusters, operation.in -aecordance
' with thepr«esen_tv ernbodfment_ achieves ‘comparable accuracy wifh a product feature o
~ which uses.foi'ty“ clusters. This conﬁrrns the ﬁnding that the conuolved feature is
significantly more diécrhninative, than conventional features. |
’[0044] ~ Referring to FIG lf), feeults of the operafions of FIG. 9 are summarized in a |
6x6 matrix- 1000:-of the motion recognition in accordanee with the pfesent
embodiment of the sin different hmnan action sequences 902, 904, 906, 908, 910, 912
-, inthe KTH human.ae_ti_on_'sequenee dataset. The six di.fferent human action seque_n‘c"e,s‘
afe hsted along the 'veftical 'l"OO"Z: and the recogniZed human aetfons afe iisted along'
the horizontal 1004 It can be seen that human motion -reeognition for walking,
- Joggmg and running are in the 90" percentlle with the only misclassifications i in these
same three actions. Classifications for handclappmg are also in the 90 percentfle' '
with the only.‘ misclassifications falling ;n handwaving and boxing. . While
misclassifications for ‘boxing 'and handwaving are more plentiful, some.of these
miselassiﬁcations may be due to the KTH human action sequ‘ence c_la'faset in that sor.ne.
of the afomic actions extracted fnay include an erroneous boundingibox which ‘is

extracted off-centered from a body axis of the subject in the bounding box.

-14-
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[0045] In the Vaﬁous examples illustrated above, a method to encode human actions

by cohvolving shape-motion histograms has been presented. The mam idéa'is to

produce an output signal (i.¢., an action histogram) from the soﬁrce signals (i.e., shape

and motion histograms) so that thé oﬁtpﬁt shares the characteﬁsticé of both source

signals and ihputs; The features are also much more discrirhi’native thén other hybrid

features obtained through other combination strategies such as concatenation, sum,

and product. Furthér, combination of shape and motion features greatly improves the

clas‘siﬁcat»imon results. “ H

- [0046] In addition, operation in accordance with the present embodiment avoids the

‘nced to detérmine wci‘ghts.manually during feature concatenation. The‘ éonvolved

feature is also very cbmpact and has much lower dimensionality (79-dimensional) asv
compared to . conventional co’nca,tenated‘ features of 512-dimensional and 1000-

dimgnsioha] methodologies. Due to the discrim'inative nature of the convolution

fea;turé, thé codebook size is e);tremely small as compared to conventional me&hods.

- Also, the _enfire video sequence is advéntageousiy représented as a distance weighted

~occurrence histogram of visual words. - 7

>[0047] Tﬁus, it can be seen that a system and méthod for human motion recognition

has been provided. The system includes a video sequence decomposér 602, a feature .
extractor (including HOOG:‘6C4 and HOOF 606), and a motion'recOgnitiqn module

(including combiner 608 and bag-of-words model module 610). The video sequence

decomposer decorhpo’scs a video sequence into a plurality of atomic éctiqns. The

feature extractor extracts features from each of the plura@ity of atomic actions, the

features ’inclqding at 1¢ast a motion feaf;u?e and a shap¢ feature. _Ahd t-he moﬁon

recognition module ﬁéfforms motion recbgnition fo‘r each of the pluraiity of étomic‘

actions in response to the features.
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[0048] Th¢ motion recognition module perféfms motion recognition for each of the
pIuralify of atomic actions blyv convolving histograms of the feafures of each of the -
plurality of atomic.actions. -In regards to the shape featuré, tﬁ_e feature extractor
extracts a set of shape :yect;)rs depiéting shape flow fror.rul each of tﬁe plurality of
atomnic actions and thé motion récognition’ module convolves histo.grams‘ of the shape
. features of each of the plurality of dtomic actions by deriving a shape descriptor by
determining a hisfogram-of-oriented gradient of thg set of shapé vécfbfs for each .of
the plurality.of atomic actions. .

[0049] ;In regards to th¢ motién feature, the feature extractor extracts a set of motion
vectors depictiﬁg motion flow ffom: each of fhe-plurality of atonﬁc actions énd the
motion recognition module convolves histograms of the motion fedtures of each of the
plur.alit;:-';c.)f “atomic actions by deriving a motion descriptor by determining a
histogram-of-oriented optical flow of the set of motion vectors for ‘e'ach of the
piurality of atomic actions. -

[0050] The features may also include a pose’ feature, @d the feature ex';rgctor further
B eXtréété a set of pose vectors from each of the plurality of atomicﬂ actidns and the
motion\ reébéiﬁbn mdduleA éonvolves histograms of the pose feétures of each of the
plurality of atomic actions by d.eriving a pose déscripfor By detg:nnining a hjstogfaln-
-of-oriented gradient ofl the set of pose. vectors for _.ez.a.ch of thé‘“-plufality of* atomic
actions. The features may alsé include a spatial featﬁre,'and tﬁe feafure extra&ér
deri.ves each of a sét of shape, motion or posé vectors for each of two or more regions

~ of a bounding-box within each of the plufality of atomic actions. The bounding >bo-x
in each of the plﬁrality of atoﬁic aétions is configured to-incl.u&e'glillof a subjec_t_'

pictured in the one of the plurality of atomic actions. The motion recognition module
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'convolves histograms of each of the shape, motion or pose descriptors to generate a
| re}su]tz.int histogram.”

[0051] The motion recognition module also normaiizes the ﬁistograms of each of the
plurality of atomic actiéns to surh up tb unity and furthef may include a bag-of-words
model module for K-means clustering of alﬂl of the atoinié actions. to generate a
distance weighted bag-of-automafic-actions model of the video sequence.

[0052] Thué, in accordaﬁce with the present embodiment an éfﬁcient human motion
recognition system and method is provided. = The present embodiment is
computationally efficient as compared to conventionai motion recognition systems
anci even ih comparison to conventional combination stfategies such as sum, product
and concatenation. The technology of the present emb'odifnent and its various
alternates 'ahdrvariants can be used for many scenarios. For example, the present
embodiment provides a computationally efficient system and method for many
computer vision applications such as video surveillance, human-computer interface,
and content-based Vidéo‘ retﬁeval which is robust against inter- or intra-variations,
noises, temporal variations, and sufficiently rich to differentiét’e a large :number of
vpossible‘ actions. |

[0053] Thus, it can be seeﬁ that a system and method for hﬁman'motion fecognition :
which reduces comp_lexity of the recognition methodology has been provided. While
exemplary eﬂi’bodir’nén"cs have been ?resente’d in the foregoing detailéd description of
the invention, it should be appreciated thét a vast number of variations exist.

[0054] It should further be appreciated that the exemplary embodiments are only
examp.les,' ‘and are not intended to lifnit the :scof)é; applicability, obération, or
cohﬁ'guratioﬁ of the invention in any way. Rather, the foregéing detailed descripti‘on _

will provide those skilled in the art with a convenient road map for implementing an
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 exemplary embodiment of the invention, it being understood that various changes
- may, be‘l made in the function and arrangement of elements and method of operation
described in an exemplary embodiment without departing from the scope of the

invention as set forth in the appended claims. -
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CLAIMS

What is claimed is:

I. A method for human motion recognition comprising:

decomposing a video sequence into a plurality of atomic actions;

extracting features from each of the plurality of atomic actions, the features
comprising at least a motion feature and a shape feature;

with respect to the each of the plurality of atomic actions, convolving
histograms of the features to obtain an atomic action histogram; and

performing motion recognition for the video sequence based on a histogram of
visual codewords, wherein each bin represents one of the visual codewords and is
weighted by an aggregation of distances between the one of the visual codewords

with assigned atomic actions.

2. The method in accordance with Claim 1, further comprising:
normalizing the histogram of visual codewords such that the bins sum up to

unity.

3. The method in accordance with Claim 1 or 2, further comprising:

clustering all of the atomic action histograms of the video sequence with a K-

means operation to derive cluster centroids as the visual codewords; and
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assigning each of the plurality of atomic actions to a nearest one of the visual

codewords.

4. The method in accordance with any one of Claims 1 to 3, wherein the
step of extracting features from each of the plurality of atomic actions comprises
extracting a set of shape vectors depicting shape flow from each of the plurality of

atomic actions.

5. The method in accordance with Claim 4, wherein convolving
histograms of the features of each of the plurality of atomic actions comprises
deriving a shape descriptor by determining a histogram-of-oriented gradient of the set

of shape vectors for each of the plurality of atomic actions.

6. The method in accordance with any one of Claims 1 to 3, wherein the
step of extracting features from each of the plurality of atomic actions comprises
extracting a set of motion vectors depicting motion flow from each of the plurality of

atomic actions.

7. The method in accordance with Claim 6, wherein convolving
histograms of the features of each of the plurality of atomic actions comprises
deriving a motion descriptor by determining a histogram-of-oriented optical flow of

the set of motion vectors for each of the plurality of atomic actions.

8. The method in accordance with any of claims 1 to 7, wherein the

features further comprise a pose feature, and wherein the step of
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extracting features from each of the plurality of atomic actions comprises extracting a
set of pose vectors from each of the plurality of atomic actions, and wherein
convolving histograms of the features of each of the plurality of atomic actions
comprises deriving a pose descriptor by determining a histogram-of-oriented gradient

of the set of shape vectors for each of the plurality of atomic actions.

9. The method in accordance with claim 8, wherein the features further
comprise a spatial feature, and wherein the step of extracting features from each of the
plurality of atomic actions comprises deriving each of the set of shape, motion or pose
vectors for each of two or more regions of a bounding box within each of the plurality
of atomic actions, the bounding box in each of the plurality of atomic actions
configured to include all of a subject pictured in the one of the plurality of atomic
actions, and wherein the step of convolving histograms of the features of each of the
plurality of atomic actions comprising convolving each of the shape, motion or pose

descriptors.

10. The method in accordance with any of Claims 1 to 9 wherein
convolving histograms of the features of each of the plurality of atomic actions
comprises normalization of the histograms of each of the plurality of atomic actions to

sum up to unity.
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11. A system for human motion recognition comprising:
a video sequence decomposer for decomposing a video sequence into a
plurality of atomic actions;
a feature extractor for extracting features from each of the plurality of atomic
actions, the features comprising at least a motion feature and a shape feature; and
a motion recognition module for performing motion recognition, wherein the
motion recognition module is configured to:
with respect to the each of the plurality of atomic actions, convolve
histograms of the features to obtain an atomic action histogram; and
perform motion recognition for the video sequence based on a
histogram of visual codewords, wherein each bin represents one of the visual
codewords and is weighted by an aggregation of distances between the one of the

visual codewords with assigned atomic actions.

12. The system in accordance with Claim 11 wherein the motion
recognition module is further configured to normalize the histogram of visual

codewords such that the bins sum up to unity.

13. The system in accordance with Claim 11 or 12, wherein the motion
recognition module is further configured to:
cluster all of the atomic action histograms of the video sequence with a K-

means operation to derive cluster centroids as the visual codewords; and
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assign each of the plurality of atomic actions to a nearest one of the visual codewords.

14. The system in accordance with any one of Claims 11 to 13, wherein
the feature extractor extracts a set of shape vectors depicting shape flow from each of

the plurality of atomic actions.

15. The system in accordance with Claim 14, wherein the motion
recognition module convolves histograms of the shape features of each of the plurality
of atomic actions by deriving a shape descriptor by determining a histogram-of-

oriented gradient of the set of shape vectors for each of the plurality of atomic actions.

16. The system in accordance with any one of Claims 11 to 13, wherein
the feature extractor extracts a set of motion vectors depicting motion flow from each

of the plurality of atomic actions.

17. The system in accordance with Claim 16, wherein the motion
recognition module convolves histograms of the motion features of each of the
plurality of atomic actions by deriving a motion descriptor by determining a
histogram-of-oriented optical flow of the set of motion vectors for each of the

plurality of atomic actions.

18. The system in accordance with any of Claims 11 to 17, wherein the
features further comprise a pose feature, and wherein the feature extractor further
extracts a set of pose vectors from each of the plurality of atomic actions, and wherein

the motion recognition module convolves histograms of the pose features of each of
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the plurality of atomic actions by deriving a pose descriptor by determining a
histogram-of-oriented gradient of the set of pose vectors for each of the plurality of

atomic actions.

19. The system in accordance with Claim 18, wherein the features further
comprise a spatial feature, and wherein the feature extractor derives each of the set of
shape, motion or pose vectors for each of two or more regions of a bounding box
within each of the plurality of atomic actions, the bounding box in each of the
plurality of atomic actions configured to include all of a subject pictured in the one of
the plurality of atomic actions, and wherein the motion recognition module convolves
histograms of each of the shape, motion or pose descriptors to generate the atomic

action histogram.

20. The system in accordance with any of Claims 11 to 19, wherein the

motion recognition module normalizes the histograms of each of the plurality of

atomic actions to sum up to unity.
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