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Abstract Descriptor matching and classi cation-based schemes

A prototype-based approach is introduced for action such as [2, 6] have been standard for action recogni-
recognition. The approach represents an action as a se-tion. However, for large-scale action recognition prob-
quence of prototypes for ef cientand exible action match- lems, where the training database consists of thousands of
ing in long video sequences. During training, rst, an ac- labeled action videos, such a matching scheme may re-
tion prototype tree is learned in a joint shape and motion quire tremendous amounts of time for computing similar-
space via hierarchicak-means clustering; then a look- ities or distances between actions. The complexity in-
up table of prototype-to-prototype distances is generated creases quadratically with respect to the dimension of ac-
During testing, based on a joint likelihood model of the tion (frame) descriptors. Reducing dimensionality of the
actor location and action prototype, the actor is tracked descriptors can speedup the computation, but it tends to
while a frame-to-prototype correspondence is establishedtrade-off with recognition accuracy. In this regard, an ef-
by maximizing the joint likelihood, which is ef ciently per ~ cient action recognition system capable of rapidly retrie
formed by searching the learned prototype tree; then ac- ing actions from a large database of action videos is highly
tions are recognized using dynamic prototype sequencedesirable.
matching. Distance matrices used for sequence matching Many previous approaches relied on static cameras or
are rapidly obtained by look-up table indexing, which is experimented only on videos with simple backgrounds.
an order of magnitude faster than brute-force computation However, how can we handle the in uences of moving cam-
of frame-to-frame distances. Our approach enables ro- eras or dynamic backgrounds which is common for human-
bust action matching in very challenging situations (such robot interaction? The recognition problem becomes very
as moving cameras, dynamic backgrounds) and allows au-dif cult with dynamic backgrounds, because motion fea-
tomatic alignment of action sequences. Experimental re-tures can be greatly affected by background motion ows.
sults demonstrate that our approach achieves recognition Although some preliminary work has been done for recog-
rates 0f91:07% on a large gesture dataset (with dynamic nizing actions in challenging movie scenarios [10,12,T8,1
backgrounds)100%on the Weizmann action dataset and or group actions in sports scenarios [14], robustly recogni
95:77%on the KTH action dataset. ing actions viewed against a dynamic varying background
1] . is still an important challenge.

- Introduction Motivated by these issues, we introduce a very ef cient,

Action recognition is an important research topic in com- prototype-based approach for action recognition which is
puter vision. Many studies have been performed on effec-ropust in the presence of moving cameras and dynamic
tive_ feature ex.tr_action and categorization methods fousbb  varying backgrounds. Our approach extracts rich informa-
action recognition. tion from observations but performs recognition ef cigntl

Feature extraction methods can be roughly classi ed into yja tree-based prototype matching and look-up table index-
four categories: motion-based [6, 8, 29, 30], appearanceqng. It captures correlations between different visualscue
based [7, 25], space-time volume-based [2, 10, 13], and(j.e shape and motion) by learning action prototypes in a
space-time interest points and local feature-based [3212,  joint feature space. It also ensures global temporal censis
21,24]. Combining multiple features or visual cues [9, 13, tency by dynamic sequence alignment. In addition, it has
17,18,23] has been shown to be an effective way to improvethe advantage of tolerating complex dynamic backgrounds

action recognition performance. due to median-based background motion compensation and
Action categorization methods are mostly based on ma-probabilistic frame-to-prototype matching.

chine learning or pattern classi cation techniques as & th

object recognition literature. Classi ers commonly used f 1.1. Related Work
action recognition include NIX/NN classi ers [2, 6,19, 25, Our approach is closely related to existing approaches
30, 31], Support Vector Machine (SVM) classi ers [5,9, representing a human action as a sequence of basic action
12,16,23,24], boosting-based classi ers [8,13,21], idd  units [7, 25,30, 31].

Markov Model (HMM) [7]. In [25], an action is represented as a set of pose prim-
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methods are compact and ef cient, but might be limited in
capturing global temporal consistency between actions be-
cause they either use low-order statistics such as histagra
andn-Grams, or use a minimum-distance-based representa-
tion which does not enforce temporal ordering.

Relaxing temporal constraints [25, 30] makes action rep-
resentation more invariant to intra-class variation, aorl-c
sequently might be effective in recognizing small num-
bers of actions, but when the number of action classes is

large, global temporal consistency is very important for ac Actions are modeled by learning a prototype tree in
tion recognition due to small inter-class variabilitye( in- a joint shape-motion space via hierarchikaineans
creased ambiguity between actions). In fact, there have clustering.
been approaches modeling the global temporal consistency.  Frame-to-frame distances are rapidly estimated via fast
For example, in [7], an action is modeled as a sequence  prototype tree search and look-up table indexing.
of exemplars and temporal constraints are imposed by an A new challenging dataset consisting of 14 gestures is
HMM. introduced for public use.

Compared to previous examplar-based approaches, ou . . .
approaé)h is morg accurate duepto incorporgt[i)on of gIobaIE' Action Representation and Learning
temporal consistency and frame alignment-based computa- For representing and describing actions, an action inter-
tion of action-to-action distances, and more ef cient doe t estregion is rst determined around a person in each frame
fast prototype tree search and look-up table indexing in theof an action sequence so that the representation is location
testing phase. and scale invariant. Given a human bounding box auto-
1.2. Overview of Our Approach and Contributions ~ Matically obtained from background subtraction or human

tracking, we de ne an action interest region as a square re-

-I-lh%bl9Ck dlfigram Of_ our approach_ is shown '? F'?' gion' around the localized human bounding box. Examples
urel. During training, action interest regions are rstlocal- o 5t interest regions are illustrated in Figdre
ized and shape-motion descriptors are computed from them,

Next, action prototypes are learned kianeans clustering 2.1. Shape-Motion Descriptor

and set as the resulting cluster centers, and each training A shape descriptor for an action interest region is repre-
sequence is mapped to a sequence of learned prototype§ented as a feature vecg = (sy:::sp,) 2 R "= by divid-
Finally, a binary prototype tree is constructed via hienarc ~ ing the action interest region intes square grids (or sub-

cal k-means clustering [20] using the set of learned action '€gions)R1:::Rn, . For shape, we simply count the number
prototypes. In the binary tree, each leaf node correspond®f foreground pixel$ in each region to form a raw shape

to a prototype. During testing, humans are rst detected feature vector. The feature vectorlis normalized to gen-

and tracked using appearance information, and a frame-to£rate the shape descripds. L, normalization has been
prototype correspondence is established by maximizing ashown to be effective for concatenated, grid-based image
joint likelihood of the actor location and action prototype descriptors [4]. In the training phase, shape observations
The optimal prototype is identi ed ef ciently by repeated are binary silhouettes obtained by background subtraction
use of depth- rst search (DFS) on the learned binary tree. and in the testing phase, the shape observations are either
Then, actions are recognized based on dynamic prototypebinafy silhouettes from background subtraction (when cam-
sequence matching. Distance matrices used for the matcheras and backgrounds are static) or appearance-based like-
ing are rapidly obtained by look-up table indexing, which lihood (or probability) maps (with dynamic cameras and

is an order of magnitude faster than the brute-force compu- Lits center is determined as a point on the vertical centrial akthe
tation of frame-to-frame distances. Our main contribugion human bounding box, and side-length is proportional to tight of the

are four-fold: bounding box.

e 2The foreground used here can be computed using either binary
A prototype based approach is introduced for rObUStIy silhouettes from background subtraction (under statidkdpaeinds) or

det_eCting and matChin_g prototypes, and recognizing appearance-based likelihoods or probabilities (underadhjo back-
actions against dynamic backgrounds. grounds).

Figure 2. Examples of action interest regions illustratadsim-
ples from three datasets: Gesture, Weizmann and KTH.
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Figure 3. An example of computing the shape-motion desaript
of a gesture frame with a dynamic background. (a) Raw optical
ow eld, (b) Compensated optical ow eld, (c) Combined, p&
based appearance likelihood map, (d) Motion descriptercom-
puted from the raw optical ow eld, (e) Motion descriptdd m
computed from the compensated optical ow eld, (f) Shape de
scriptorDs. A motion descriptor is visualized by placing its four
channelsin2 2grid.

backgrounds). An appearance-based likelihood map and

the shape descriptor computed from it are shown in Fig- (c) Binary prototype tree

ure 3(c) and 3(f), respectively. Our method of estimating Figure 4. An example of learning. (a)(b) Visualization obpk

appearance-based likelihoods is explained in Sec. and motion components of learned prototypeskior 16. The
A motion descriptor for an action interest region is Shape component is representedify 16 grids and the mo-

represented as A -dimensional feature vectddm, = tion component is represented by four (orientation chaigel 8
m - m - . . . . . . . .

] . . grids. In the motion component, grid intensity indicatestinomo

(QBMF;,QBMFX,QBMF;,QBMFy) 2 R,

\ . . strength and “arrow' indicates the dominant motion origoteat
where QBMF ' refers to quantized, l?'u”ed' motlon- that grid, (c) The learned binary prototype tree. Leaf npdesre-
compensated ow. We compute the motion descrifider sented as yellow ellipses, are prototypes.
based on the robust motion ow feature introduced in [6]
as follows. Given an action interest region, its optical ow With a Gaussian kernel to form the low-level motion obser-
eld is rst computed and divided into horizontal and ver- Vations(BMF, ;BMF, ;BMF J;BMF ) asin[6]. As
tical componentsF, andFy as in [6]. For handling the incomputing shape descriptors, we map each channel of the
in uences of moving cameras and dynamic backgroundS, motion observations into low resolution by aVeraging them
we use a median ow-based background motion Compensa-inSide uniform gridS overlaid on the interest region. The
tion scheme. In contrast to [6] which directly uBg; Fy resulting four channel descriptors dre normalized inde-
to compute the motion descriptors, we remove backgroundPendently and., normalized again after concatenation to
motion components by subtracting from them the medi- form the motion descriptdD, . Figure3(d) and3(e)visu-
ans of ow elds to Obtain median_compensated ow e|ds alize the motion descriptors for an example geSture frame
MFy = Fx median(Fyx) andMF, = F, median(Fy). with and without motion compensation, respectively.
Intuitively, median ows estimate robust statistics of dom We concatenate the shape and motion descriptgiend
inant background ows caused by camera movements andDm to form a joint shape-motion descriptoiThe distance
moving background objects. Figugéa)and3(b)show an between two shape-motion descriptors is computed using
example of motion ow compensation for a gesture frame the Euclidean distance metric.

with dynamic background. We can see from the gure 22 Shape-Motion Prototype Tree

that this approach not only effectively removes background Motivated by [7, 25], we represent an action as a set of
ows but al_so corre_cts foreground ows so that the €X" " pasic action units. We refer to these action units as action
tracted motion descriptors are more robust against dynamic
varying backgrounds. SBased on the relative importance of shape and motion cuespuid

P learn a weighting scheme for the shape and motion compoo€btsn =
The motion-compensated ow eldF, and MFy (wsDs;wm Dm ) (where the weights are chosen such that w2 = 1),

are then half-wave recti ed into four non-negatiye chasnel  \here the optimal weights's: wm can be estimated using a validation set
MFg;MF, ;MFJ;MF, , and each of them is blurred by maximizing the recognition rate.




prototypes = ( 1; 2:: k). For learning a representative the location likelihood map is shown in Figufe Details
set of action prototypes, we perform clustering on the set of computingL( jV), actor localization and tracking are
of descriptors extracted from the training data. explained in Seci.
Given the set of shape-motion descriptors for all frames  We model the prototype matching tept jV; ) as:
of the training set, we perforrk-means clustering in the
joint shape-motion space using the Euclidean distance for p( jV; )= e PNV IDOY, (3
learning the action prototypes. Since both of our shape and
motion descriptors are obtained b& normalization, the whered represents the Euclidean distance between the de-
Euclidean distance metric is reasonable for clustering thescriptorD(V; ) determined by observatiov at location
joint shape-motion descriptors. The cluster centers ane th  , and the descriptdd ( ) of prototype .
used as the action prototypes. In order to rapidly construct3.1.2. Joint Likelihood Maximization
frame-to-prototype correspondence, we next build a binary  Given the above model and the observation for frame
prototype tree over the set of prototypes based on the hiery/ | we evaluate the joint likelihood overand . In prac-
archicalk-means clustering algorithm [20] and use DFS to tice, we maximize the joint likelihoog(V; ; ) by uni-
traverse the tree and nd the nearest neighbor prototypes fo formly samplingP points (instances);; »:: p around
any given test frameli.. observation V) and hypothetical | and nding the nearest neighbor prototype for each
actor location, , during testing. of the instances ,. Then, for each given instancg, the
Examples of the action prototypes and the binary proto- right-hand-side of Eql can be rewritten as:
type tree are shown in Figure We construct a prototype-
fco-prototype distanC(_a matrix (computed off-line in thertra I( g)= e dOM pDC (o) L( piVt)  Lmin :
ing phase) and use it as a look-up table to speed up the ac-"* P Lmax  Lmin
tion recognition process.

4)

Finally, the maximum likelihood prototype is given as

3. Action Recognition () where the best location, is

The recognition process is divided into two steps:
frame-to-prototype matching and prototype-based seguenc p=arg  max J( p) (5)
matChIng pgp=1 ;2P
3.1. Frame-to-prototype matching A greedy search algorithm is an alternative method for
3.1.1. Problem Formulation maximizingJ, but it can not guarantee a globally optimal

solution. For ef ciently nding the best prototype for any
frame and sample actor location, we perform nearest neigh-
bor classi cation by traversing the learned prototype tree
using DFS. Different from traditional pose estimation prob
lem, we only search using the set of learned action proto-
types 2 instead of the entire high-dimensional pose
space, making the method computationally ef cient. A fur-
ther speedup is achieved in the nearest neighbor prototype
classi cation (searching over the prototype space) by DFS
on the learned binary tree. Example results of frame-to-
prototype matching are shown in Figulré
p(Vv; s )1 p(; iV)=p(jV; )p( jV): (1)  3.2. Prototype-based Sequence Matching

There have been approaches such as [27, 28] which
used dynamic time warping (DTW) to align two action se-
guences and measure distances between them. Motivated
by them, we use the FastDTW algorithm [22] to auto-
matically identify optimal matching segments and compute
alignment-based distances between two sequences.
L( jV) Lumin Let Gy = Xxy;X2;:hXjxj and Gy = y1;¥2; 15 Yy
- (2) be two actions of lengthgXj and jYj, and W =

f (X1 ;Yij )Gi=1 - be the minimum-cost path obtained by

where is de ned over a 3D neighborhood around, DTW. We estimate the optimal alignment path (a sub-
andL min , Lmax are the minimum and maximum limits of segment of the minimum-cost path) by removing redun-
L( jV) in that neighborhood, respectively. An example of dant (non-matching) segments at the start and end of

Let random variabl& be an observation from an image
frame, be a prototype random variable chosen from the
set ofk learned shape-motion prototypes (  1; 2:: k),
and = (x;y;s) denote random variables representing ac-
tor location (image locatiofix; y) and scales). Then, the
frame-to-prototype matching problem is equivalent to max-
imizing the joint likelihoodp(V; ; ). Assuming the ob-
servationV is given, we decompose the joint likelihood
p(V; ; ) into an actor localization term and a prototype
matching term as follows:

For a test action sequent&g of lengthT with observation
fVigi=1 .7 , atrack of the actor's locatioffi ( 1 gi=1 ..7 ) and
location likelihood mapd ( jV;);t = 1:::T are provided
by an actor tracker (see Sef). Based on the tracking in-
formation, the location priop( jV) is modeled as follows:

p( jV) =

L max I-min



Figure 6. Location likelihood. ( jV) for a gesture frame.

(a) Same actions performed by different persons. The fraome<

spondence is shown based on the estimated alignment path. (a) Examples from the Gesture dataset.

(b) Different actions performed by different persons.
Figure 5. Examples of sequence matching. Action distande-ma (b) Examples from the KTH dataset.
ces are visualized as gray-scale images and “blue' alighpsths Figure 7. Examples of actor localization and tracking resiNote
obtained by dynamic sequence alignment are overlaid on.them that our approach effectively handled interruption of aosery

“red' circles mean start and end points of an optimal alignme Person moving around in the scene on the Gesture data, and the
path. in uences of shadows, fast camera movements, low contaast,

poor foreground segmentation on the KTH data.
the path. Figures shows examples of sequence match-

ing. Based on the optimal alignment pathn = by background subtraction or appearance-based likelihood
FOXE Y )= lgar e » the distanceDist (Gy; Gy) (i.e. computation.
action-to-action distance) is given as the average of dis- Given image observatiorV, such as foreground seg-

tances on the alignment-path: mentation maps or foreground appearance-likelihood maps,
the location likelihoodL( jV) is computed as the dif-
: o dist(x sy ) ference of average foreground segmentation maps or
Dist (Gx; Gy) = —stat —; (6)

appearance-likelihood maps between the inside and the out-
side of a rectangle surrounding a hypothetical actor loca-
tion. Intuitively, this is like a generalized Laplacian ope
ator and favors situations in which the actor matches well

Iend Istart +1

wheredist(x;; ; yi; ) be the distance between two frames
which can be computed directly via the Euclidean distance

or usi;g the look-up table of prototype-to-prototype dis- jyside a detection window, but not coincidentally because
tan\;:ve ' NN classi ) ) based the image locally mimics the color distribution of the actor
e use ak-NN classier to recognize actions based i 05 shows an example of the location likelihood map.

on action-to-action distances computed using the optimal build based del of th .
alignment. We reject non-modeled actions by thresholding We build a par_t- ased appearance modet o the actor in
' the rst frame using kernel density estimation [3, 11] and

sg'gg;os:igﬂggt?o":’]tances’ where the threshold is eséitha use it to compute appearance-based likelihood maps in sub-
' sequent frames. This is done by dividing the human body

4. Action Localization and Tracking into three parts: head, torso, and legs, and an appearance

We use a generic human deteétsuch as [4] or simple model is bl_JiIt for each part independently. The likelihood
foreground segmentation to localize the actor for ingiali ~ Maps obtained by these part-based appearance models are
tion, and then perform fast local mode seeking such as [3] tolinearly combined to generate the appearance-based likeli
track the actor in location and scale space. We compute thd00d map.
location likelihood (see below for details) used for track- ~ Figure7 shows some examples of actor localization and
ing and joint likelihood computation based on foreground tracking results on the Gesture and KTH Dataset.
likelihood or segmentation maps which are obtained either

5. Experiments
4Two versions of our approach are: (1) Descriptor distaraset ap-
proach directly computes frame-to-frame distances, (Bjo®rpe-based We evaluated our approach ona Iocally collected gesture

approach approximates frame-to-frame distances by ingetkie look-up d_ataset and two public action Qatasets in terms of rec_ogn?-
table (of prototype-to-prototype distances) precompuigihg training. tion rate and average computation time. The average time is
®The generic human detector is only used for complex casesewhe computed as the average of computing an action-to-action
actors are viewed by a moving camera and against a dynamic bac - gimjjarity matrix. The shape-motion descriptor (vector)
ground(such as Gesture dataset); For data captured uratier lsack- . g . . . . .
ground(such as Weizmann and KTH dataset), we simply usegbakd is 512-dimensional which consists of 256-dimensional

subtraction to localize actors. shape descriptor andét 4 = 256-dimensional motion



Table 1. Results using different features on the Gesturasdat
(static background).

| method | motion only | shape only| joint shape & motion|
(a) Gesture (b) Weizmann (c) KTH [ recog. rate (%)] 9286 | 92.86 | 95.24 |
Figure 8. Evaluation datasets. Table 2. Prototype-based recognition result using joiapshand
descriptor. The value df in k-means clustering was set motion features (static background);) _
by cross-validation on a validation set during trainingr Fo [___method | recog. rate (%) avg. time (ms)]
the Gesture and Weizmann dataset, varyinijom 80 to %%T(‘fﬂgt%d;t)' gg'ig 1251455
180results in stable recognition rates, while for the KTH look-up(60 pr.) 00.48 226
dataset, the optimal range lois from 200to 300. look-up(100 pr.) 92.86 25.6
. look-up(140 pr.) 92.86 22.7
5.1. Evaluation on the Gesture Dataset look-up(180 pr.) 95 24 256

We created a new dataset consisting of 14 different ges-
ture class€s which are a subset of the military signals
from [26], in our lab environment. Figut&a)shows sam-
ple training frames from the dataset. The datasetis celfect |_method [ motion only [ shape only| joint shape & motion]
using a color camera witB40 480resolution. Each of the [ recog.rate %)] 875 [ 5357 | 91.07 |

14 gestures is performed by three people. In each sequenceypie 4. prototype-based recognition result using joiapshand

the same gesture is repeated three times by each persomotion features on the Gesture dataset (moving camerapdgna
Hencetherear8 3 14 = 126video sequences fortrain- background).

Table 3. Results using different features on the Gesturasdat
(moving camera, dynamic background).

ing which are captured using a xed camera with the person | method | recog. rate (%)] avg. time (ms)]
viewed against a simple, static background. Therel&g: descriptor dist. 91.07 96.5
video sequences for testing which are captured from a mov- look-up(20 pr.) 55.36 7.2
ing camera and in the presence of background clutter and look-up(60 pr.) 76.79 74

ther moving obiects look-up(100 pr.) 80.36 7.2
0 gobjects. _ look-up(140 pr.) 82.14 7.3
5.1.1. Recognition against a Static Background look-up(180 pr.) 89.29 7.8

We evaluated our approach based on a leave-one-person-
out experiment using the training data. Tablshows that
the recognition rate of our approach using the joint shape-
motion descriptor i95:24%, which outperforms the “shape
only' descriptor or “motion only' descriptor.

Table2 shows that the results of our prototype-based ap-
proach fork = 20  180in terms of recognition rate and
average time. Whek = 180, the prototype-based approach
obtained95:24% recognition rate, which is the same as
the descriptor-based approach, but the computational cost
is much lower.

5.1.2. Recognition against a Dynamic Background (a) Descriptor-based  (b) Prototype-basedk(= 180)

This experiment was performed using a moving cam- Figure 9. Confusion matrices for gesture recognition usingov-
era viewing the actor against a dynamic background, whereing camera viewing gestures against dynamic backgrounds.

one person (regarded as the actor) performed the speci e%aroach, but is an order of magnitude faster.  Fig-

fourteen gestures in a random order and the other perso ures9(a)and9(b) show the confusion matrices for both the

(re?(grded as n_(t)_lse) movedhcirlmtmgousl_ly_rl]a ehind H‘e a‘?mr'descriptor-based and the prototype-based approaches. Mis
making recognition more challenging. € Tesulls UsiNg .1 cations are mainly from “come near' and “go back’,

d|ffe_rent featl_Jres are shown in Tabe The joint shaQe— which are visually similar.
motion descriptor-based approach outperforms both “shape ) ] ]
0n|y' and ‘motion on'y‘ descriptor-based approaches_ 52 EVaIUanon on the Welzmann AC'[IOH Dataset
As shown in Table4, the prototype-based approach The Weizmann dataset [2] contains 90 videos of 10 ac-
achieved an accuracy similar to the descriptor-based aptions performed by 9 different people. Example frames of
S . ‘ . o _ this dataset are shown in Figusé). We performed leave-
| ,The gesture classes include '1 turn left, 2 turn right,, tention 40 _herson-out experiments to evaluate our approaches. Ta
eft', '4 attention right'; 5 ap', '6 stop left', '7 stop right', '8 stop both', . .. .
'9 attention both', '10 start', '11 go back’, '12 close distae’, '13 speed ble 5 shows comparative results of our joint shape-motion
up' and '14 come near". descriptor-based approach with “shape only' and "motion




Table 5. Results using different features on the Weizmaitasda Table 7. Results using different features on the KTH dataset

| method | motion only | shape only| joint shape & motion| recognition rate (%)
[recog. rate (%) 8889 | 8111 | 100 | method sl [ s2 | s3 | s4
motion only 92.82 | 78.33 | 89.39 | 83.61

Table 6. Prototype-based recognition result using joiapghand
motion features on the Weizmann dataset. The results of 2, 8
19, 23, 25] are copied from the original papers.

shape only 71.95| 61.33 | 53.03 | 57.36
joint shape and motion 98.83 94 94.78 | 95.48

Table 8. Prototype-based recognition result for individieenar-

| = m?tTOdd_ - | recogl.orgte ()] avg. ;"3“2 (ms)] ios on the KTH dataset. The results of [1,9, 23] are copiethfro
escriptor aist. . F
look-up(20 pr.) 82.22 0.5 the original papers.
look-up(60 pr.) 94.44 0.5 [ [ recognition rate (%) / time (ms) |
look-up(100 pr.) 97.78 0.5 | method | s1 | s2 [ s3 [ s4 |
look-up(140 pr.) 100 0.5 descriptor dist. | 98.837/15.2] 94/19.3 | 94.78/14.5] 95.48716.7
look-up(180 pr.) 100 05 look-up(200 pr.) | 96.83/0.9 | 85.17/1.2 | 92.26/0.8 | 85.79/1.1
Fathi [8] 100 N/A look-up(240 pr.) | 97.50/0.9 | 83.50/1.3 | 91.08/0.8 | 90.30/1.1
‘ look-up(300 pr.) | 96.66/0.9 | 86.17/1.2 | 90.07/0.8 | 89.97/1.1
Schindler [23] 100 N/A Schindler [23] | 93.0/N/A | BL1/NA | 92.1/N/A | 96.77N/A
Thurau [25] 94.40 N/A Jhuang [9] 96.0/N/A | 86.1/N/A | 89.8/N/A | 94.8/N/A
Niebles [19] 90 N/A Ahmad [1] 90.17/NJA | 84.83/N/A | 89.83/N/A | 85.67/N/A
Jhuang [9] 98.8 N/A
Blank [2] 99.61 N/A Table 9. Average and all-in-one recognition results on tAHK

dataset. The results of [1,5, 8,9, 16, 19, 21, 23, 24, 30] apéed
only' descriptor-based approach in terms of recognition from their original papers.
rate. The descriptor-based approach obtained 100% reco
nition while “shape only' and “motion only' descriptor-

[ recognition rate (%) |
| "average of all scenario$ all scenarios in one|

%- method evaluation

. . Our approach | leave one out 95.77 93.43

based approaches obtained much lower recognition rates. —sgngier 23] Spift 9073 957
We also evaluated the performance of the prototype-| Ahmadi[i] split 87.63 88.83

: Jhuang [9] split 91.68 N/A

based approach with respect to the number of p_rototkpes Liu [16] leave one out 94.15 NIA
from 20to 180, and compared these to the descriptor-based| Niebles[19] | leave one out N/A 83.33

approach. As shown in Tabe the recognition rate reached | qoniiog | et o WA 8117

100% atk = 140; 180which is the same as the descriptor- Fathi [8] split N/A 90.50
based approach. Comparing the average computation times, "o 1o | aveone out A 578
the prototype-based approach is almost 26 times faster tha

the descriptor-based approach but with only a slight2%

degradation of recognition rate. We have compared the ex-

perimental results with state of the art action recognition

approaches [2, 8,9, 19, 23, 25] in Talile Our approach

achieved the same perfect recognition rate as [8, 23] and

outperformed all the other approaches signi cantly.

5.3. Evaluation on the KTH Action Dataset

The KTH dataset [24] includes 2391 sequences of six (a) Descriptor-based () Prototype-based£220)
action classes: “boxing', "hand clapping', "hand waving',
‘jogging’, “running' and “walking', performed by 25 ac-
tors in four scenarios: outdoors (s1), outdoors with scale narios. As we see from the table, joint shape-motion de-
variation (s2), outdoors with different clothes (s3) and in scriptor achieved better recognition rates than “shapg onl
doors (s4). Example images from this dataset are shownand “motion only' descriptors in all four scenarios.
in Figure8(c). Previous work regarded the dataset either In addition, we evaluated the performance of the
as a single large set (all scenarios in one) or as four differ- prototype-based approach for individual scenarios using
ent datasets (individual scenarios as one dataset traimkd a different numbers of prototype&, = 200; 240, 300, and
tested separately). We perform experiments using both ofcompared it to the descriptor-based approach. The experi-
these settings. mental results in Tabl@ show that the prototype-based ap-

In general, leave-one-out cross validation re ects the proach achieves similar recognition rates as the descripto
performance of an approach more reliably because it isbased approach, but is approximately 17 times faster. The
more comprehensive than the splitting-based evaluationcomparison to state of art approaches [1, 9, 23] shows that
schemes [12,21, 24]. So we evaluated our approaches useur approaches achieved the highest recognition rates unde
ing leave-one-person-out experiments. Tablghows the  the s1, s2 and s3 scenarios, and the results are comparable
results of using different features under four differerd-sc  to [9, 23] under the s4 scenario.

- |

Figure 10. Confusion matrices for the “all-in-one' expegints.
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