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Abstract

In this paper we propose a new examplar-based approachdeere8D human poses from monocular images. Given the visual
feature of each frame, pose retrieval is first conductedénettamplar database to find relevant pose candidates. Tyresmnd
programming is applied on the weighted set of candidatempmse temporal coherence and recover a continuous posernsequ
We made two contributions within this framework. First, wepose to use anfigcient feature selection algorithm to select the
optimal visual feature components. The feature selectisk iis formulated as a trace-ratio objective which meagheescore of
the selected feature component subset, and the objectiffciently optimized to get the global optimum. The selectetponents
are used instead of the original visual feature to improeesitcuracy andficiency of pose recovery. As second contribution, we
propose to use sparse representation to retrieve the podalates, where the measured visual feature is expressed@arse
linear combination of the labeled samples in the databgsarsg representation ensures that semantically simitsasgoave larger
probability to be retrieved. Theffectiveness of our approach has been validated quanti{atim@ugh extensive evaluations on
both synthetic data and real data, and qualitatively byeospg the results of the real time system we have implendente
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1. Introduction proposed using cues from silhouettes, edges and so on. Intu-

) ) _itively, we would like the visual features to be as much as pos
Recovering 3D human pose from marker-free images is &jp|e discriminative with respect to 3D poses.

very important research subject in the computer vision camm Typically, each feature type contains multiple components
nity. The success of pose recovery directly benefits many-app \while most previous work uses the complete components of a
cations such as video L_mderstgnding, video motion captate, particular feature type, in this paper we propose an alyuorit
ural human-computer interaction, and potentially manyenor  nat eficiently selects the optimal subset of feature components
Pose recovery aims at inferring the hidden pose parametgsy pose recovery. First, the feature selection objectvoi-
from the observed visual feature. Perhaps the greatésttly  myjated in trace-ratio form that measures the consistenthyet
comes from the fact that the mapping from visual features tqntrinsic data relationship. Then, optimization is penfied ef-
poses is very complex and multi-modal. If poses are inferrediciently to find the global optimal component subset. The se-
only from monocular images, the challenge is even greaser, §acted components are used instead of the original feature i

the 2D-3D ambiguity is more severe. pose recovery to improve both accuracy afitcency:
In this paper, we propose a new examplar based 3D pose

recovery approach. The framework is shown in Figure 1. The e Accuracy. Diferent visual feature components behaves

examplar database contains visual features and correisggond differently in pose discrimination. For example, for Fourier
ground-truth poses. For each novel frame, selected visaal f descriptor [4], it has been shown that pose understand-
tures are used to retrieve a set of pose candidates. Fitialy, ing may depend more on some frequencies than on oth-

optimal pose sequence is estimated from the pose candidates ers [5]. By performing feature selection, we are able to
using dynamic programming, which relies on both the feature discard irrelevant (or even misleading) components, and
cue and temporal cue to ensure the smoothness of the redovere  thus achieve better pose recovery accuracy.
poses.

Within the above framework, we make two contributions to
improve the performance of pose recovery, as describeavbelo

o Efficiency. By performing feature selection, we are able
to work with only a small proportion of the complete fea-
ture set. This is morefkcient, because we only need to

Visual Feature Selection. Visual feature plays an important extract the selected feature components from images. On

role in pose recovery. A proper visual feature can allevitage the other hand, because the feature dimension is reduced,

2D-3D ambiguity to a great extent. A lot of features have been subsequent procedures can be accelerated.

There exists some other work on feature selection for pose re
Email addresses: Cheng . Chen@idiap. ch (Cheng Chen), covery. For example, Ren et al. [7] and Chen et al. [6] employ
odobez@idiap.ch (Jean-Marc Odobez) Adaboost to selectfiective features. However, Adaboost re-
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Figure 1: Our examplar based pose recovery framework.

quires a large amount of computation, and it cannot guagantepose recovery is tackled by optimizing an object functioat th
convergence to the global optimum. On the other hand, our feeencodes the pose-feature correspondence [9], or by samplin
ture selection method guarantees to generate the glohatily 0 posterior pose probabilities [8][10].
mal feature subset in a much faster way. On the other hand, discriminative methods directly learn a
) _ ) ) mapping from visual features to pose parameters. The map-
Pose Retrieval via Sparse RepresentatiorAn important step ing is often approximated using regression models [11}. Al
in our example-based approach is pose retrieval. Becaease t ratively, one can directly rely on a dense training dasab
mapping from visual features to poses is multi-modal, itas n leading to the so-called "examplar-based” methods [7]1]
desirable to simply use the topmost match. Instead, ases&fp These methods are fast, and given proper training datagthe r
candidates are retrieved for each frame. Traditionallig ith covery accuracy can be satisfactory.
often performed by nearest neighbor (NN) method [6][7][12]  Generally speaking, synthetic methods are more accurate,
In this paper we propose to use sparse representation [37] [t the computation is often expensive. On the other hasd, di
perform pose retrieval. Specifically, the visual featuranbvel  riminative methods are moréieient. There also exists some
frame should be reasonably approximated using only a Smaﬂybrid methods [14][15].
percentage of features in the example database. This can beé o work in this paper is based on the examplar-based pose

solved using sparse representation, and in this way wevetri recovery framework, with contributions in visual featueses-
relevant poses. Compared to NN, sparse representationit®nd tjon and pose retrieval.

select more semantically relevant poses. Another advansag
that its neighborhood size is adaptive rather than fixed. 2.2. \isual features for human motion analysis
We perform extensive experiments on both synthetic data
and real data, using various types of visual features. Therex
imental results show that compared to previous methods, o

method achieves higher accuracy in pose recovery and signi I|_|u moments [19], Poisson Features [20] and so on. Apart from

cantly reduces the computation time. . .
The paper is organized as follows. After summarizing thesHhouette, there are also features based on edges or gisdie

research background in Section 2, we introduce our featire sS.UCh as hlstogra_lm of grad!ents [21], relational ed_ge .um”
; . . . —_tion [22] and various SIFT-like features [23][24]. Hierhical
lection method in Section 3. Section 4 presents pose ratriev

via sparse representation and dynamic programming foesequ features have also been proposed, such as HMAX [25], Vocabu-

tial optimization. Experiments are given in Section 5 and-co Igrsy T;ee [27t]i’rr|1_|yipr)1 irfreatture;snEZG]zgr :? g agil P?/rarlmd m&t%h
clusions are in Section 6. [28]. Space-time interest points [29][30] [31] are alsogmsed.

Since there are many feature choices, a question naturally
arises: how to determine the most suitable features for ase

A lot of features have been proposed for human motion
§ nalysis. Many features are based on silhouettes, suchuaei~o
‘jescriptor [4], shape contexts [16][17], geometric signaf18],

2. Related Work covery? This can be answered in two ways. On one hand, com-
parable studies are conducted to evaluate the performdnce o
2.1. Image based pose recovery different feature types. For example, Poppe et al. [32] compare

There have been numerous publications on image based hBeurier descriptor, shape contexts and Hu moments in 3D pose
man pose recovery [1][2][3]. Broadly speaking, the apphesc recovery. Chen et al. [33] compare various silhouette-tbase
can be divided as synthetic (model based) and discrimmativfeatures. On the other hand, another step is to seffsttive
(learning based). Synthetic methods exploit the fact that a feature components via machine learning. For example, Ren e
though the mapping from visual features to poses is hidddn aral. [7] select silhouette feature components from a hugégfoo
complex, the reverse mapping is often well-posed. Theeefor
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local rectangle features. Chen et al. [6] perform featuma-co Similarly, we can also define a functioig(y;, y;) that re-

ponent selection using Adaboost. flects the pairwise data dissimilarity. That fg(yi, y;) is large
Another frequently used technique is subspace learnisg (alif and only if y; andy; are dissimilar. For dissimilar samples,

known as dimension reduction) which aims to find the optimali.e. f, is large, we would expect their corresponding features to

transformation from the original feature space to a low dime be far away. Thus, a second objective would be:

sional subspace. Though the dimension in the learned stbspa

is usually much lower than the input feature dimension, for _ max Z (“gé(xi) —gC~(x,-)||2 X fb(yi,y,-)). 3

novel data the full feature set still has to be extracted to ob Ce2t[C]=d (. X))eP

tain its subspace embedding. For feature selection, haweve S

given a novel data sample, we only need to extract the selecté®" On€ hand, we want to minimize (2). On the other hand,

feature components, making the feature extraction prameds W€ want to maximize (3). Combining these two goals, we can

subsequent procedures much faster. Moreover, the time Cor{grmulate our problem as the maximization of their ratia@tth

plexity of most subspace learning algorithm©@?3), whered 'S
is the dimension of input feature space. Our feature selecti "™ P x (v v
algorithm, however, is faster. i %EP(HQC(X') = a0 b(y"yl))
max ’ . L@
Ce2C |Cl=a" (%) — O=(xX: RV
3. Visual Feature Selection for Pose Discrimination (xi,%ep(”gdx') 90| fa(y.,y,))

3.1. Formulation

Suppose we have a setiidata sample® = {¢1, ¢2, ..., dn}
in the examplar database. Each data samplg is (xi,Vi),
wherex; € RY is the image feature vector ayd € RP is the
ground-truth 3D pose parameter. l@t= {c, Cp,...C4} be the
set of feature components, wheges thei component. Our
goal is to select a feature component sulgset 2¢ consisting
of d = |C| (& < d) components (dimensions), wher€ 8 the
power set olC, and|.| is the cardinality of a set.

For each possibl€, there is a corresponding feature selec-
tion function:

3.3. Pairwise pose (dis)similarity functions

Now we detail how to define the pairwise functioiagyi, y;)
andfy(yi, yj). As mentioned abovdy(yi, y;) is large if and only
if posesy; andy; are similar, andy(y;, y;) is large if and only if
posesy; andy; are dissimilar. Therefore, the functions should
be defined usinglosdyi, ¥;), which is the distance function in
the pose parameter space,osdyi,Y;) is generally calculated
by the diference of 3D marker coordinates or rotational joint
angles, depending on the motion data format.
A simple definition of the pairwise functions is:

X=0e(x), 1) iy = {o, if dposdyi. ¥j) > 7
wherex € R4 s the original visual feature vector, aRd RY is A 1, if dposdYiYj) < T 5)
the ~selected feature. Naturally, we W(_)uld_ IiI§e the selestdnt oY) = 1, _if doosdyi, V1) > o
setC to be as #ective as possible in discriminating 3D poses. b(Yi- ) {0, if dposdYirYj) < T
3.2. Objective That is, if the distance between poses is within a threshpld
For image based pose recovery, the desired property on tfeen the data samples are considered as similar, and visa.ver
visual feature is that it should encode data relationshipst,F The functions in (5) consider each similar or dissimilargpos

similar poses should correspond to numerically close featu P&ir with the same weight, and we call them hard pairwise-func
Second, dissimilar poses should correspond to farawayrtest ~ tions. In fact, this has some disadvantages. For examptieiywi

These are two guidelines in designing the feature selection the similar pairs, some pairs may be more "similar” than cthe
jective. and they should play more important roles in the calculation

To guide the feature selection, we generate @seintain- order to address this consideration, we propose to exp#it s
ing M data pairs® = {(Xi1, Xj1), .-, (Xim» Xjm)}, Wherexi, € @  Palrwise functions:
andxj, € ®(i < p < M) are two diferent data from the training

set. fa (yiaYJ) = EXp(_dpose(yi,Yj)/U'z)
We define a functioria(yi, y;) that reflects the pairwise pose 0,if dposdyi,Yj) < 7 , (6)
similarity. That is, fa(yi, y;) is large if and only ify; andy; are fo (Yi’yj) = (dpos&yi,yj)/dmax)z, if dhosdyi. Yj) > T

similar. For similar poses, i.dy is large, we would expect their
visual features to be close as well. Thus, our first objedtive wherednay is the maximum value of all pose pairsﬁh
defined as:

mn S (“gC”(Xi)—gé(xj)”Zxfa(yi,)’j)). @)

Ce2C |Cl=d (Xi.Xj)eP

3.4. Optimization

Now we describe the optimization of the feature selection
objective in (4). For the ease of presentation, we note tiet t
Qualitatively, Equation (2) incurs a large penalty if twosps  feature selection function can be written in matrix form as:
are similar, but the distance between the selected feaisires

large. % =gs(X) = S5" X, 7)



whereSs € R™ is the selection matrix corresponding to the

feature subsat. Suppose the complete component sef is
{1, €2, ...Cq} and the selected subsetds= {ci(1), Ci(2), ---Ci(a) }
wherel is a permutation of 12, ..., d. ThenSs is defined as:

Se = [s12), Si@)s -+ S ] - (8)
Thek™ columns is defined as:
Sig = [O1go-1. 1. Oa-1 ] 9)

where0, is the row vector oh zeros. That is, all except the
I (k)" components 08 are zero.

Substituting (7) into (4), the feature selection objectiaa
be written as:

% (06— x))TSeSaT (i — ;) % fulyin )

(Xi-Xj)eP

m~ v \NTe.e.T(y. _ v. \s.
¢ ¥ (06— x)TSaST (% — X)) x fayiny)))

(xi.x;)eP
stCeand|C|=d

(10)

To simply presentation, (10) can be written compactly as:
Tr (S UsSy)
max———

¢ Tr(Ss"UnS)

whereTr(.) is the trace operator, aldk andU, are defined as:

,st.CeXand|C|=d, (11)

Ue= 3 (06— x)0x — )" fulyi.¥1)

(i.)Ner

Un= D (0 =X = x)T falyiny)))

(i.)eP

(12)

Brutal-force search for the optimal sub&sn (11) is clearly
prohibitive, because the searching space is factorial®nuim-
ber of feature components. We propose #itient algorithm
that searches for the global optingaiteratively. Here we briefly
present the method (See [34] for details).

Let us denote:

:Tr(s@TuBs@): aXTr(SéTUBSd. 13
Tr(Se"UaSs) € Tr(S"UaSy)
and introduce the functioh(2):
f(1) = maxTr (Se" (Us - 1Un) ). (14)

Next, we define the functiog: R — 2€ which returns the sub-
setC at which (1) is reached. For a given, we can show
(see [34]) that the sef(1) can be obtained by simply com-
puting the score of each feature compong(t < i < d):
G = §T (Ug—AUa)s. Then we sort the components with
descending score, amfl) is composed of the first’ compo-
nents.

From (14) and the definition @f(1), f(1) can be written as:

f() =Tr (Sg(/l)T (Ug — AUp) Sgu)),

where the max operator in (14) has been removed.
It is easy to note thaj(1) is a piecewise constant function,
and thatf (1) is a piecewise linear function with derivative:

df(2

# = —Tr (Syw ' UaSyw) -
That is, f(1) is monotonically decreasing. From (13) and (14)
we havef(1*) = 0. Therefored*, which is the root off (1), can
be dficiently searched for using Newton method. Note that be-
causef (1) is piecewise linear, the iterative optimization is very
fast (We observe in experiments that the optimization gipic
terminates within 5 iterations).

(15)

(16)

3.5, Summary
The visual feature selection method is summarized below.

Input:
Data sample® = {1, ¢2, ..., n}, B = (X0, Vi)
PairsP = {(Xi1, Xj1), ..., (Xim, Xjm)}

Output: Feature component subggt 2¢,|C| = d.

Procedure

1. ComputdJ, andUg according to (12).
2. Initialize C randomly; InitializeSs according to (8).

3. Calculatel = Tr (Ss"UsSe)/Tr (S5 UaSs)
4. Fori=1tod, calculate scorec; = qT(UB — AUA)S

5. Sorting components according to the scagsn decent
order. Update® with the firstd” components.

6. UpdateSs according to (8).

7. Repeat steps 3 to 6 until convergence.

It is easy to deduce that the computation complexity of the
above algorithm i©(d log(d)).

4. Pose Recovery via Sparse Representation and Dynamic
Programming

Using the feature selection algorithm introduced in the pre
vious section, we derive the best feature component subset f
pose recovery. Therefore, pose retrieval in Figure 1 is con-
ducted using the vector of selected feature componentsadst
of the original feature. Because the mapping from visual fea
tures to poses are highly complicated and multi-modal, we ca
not expect that a single topmost match will always contai th
true pose. Instead, for each frame, we retrieve a set of pose
candidates using a sparse representation on the visuatdeat
Then, sequential optimization is performed to generatera co
tinuous pose sequence based on the candidates of each frame.



4.1. Pose Retrieval via Sparse Representation

We employ sparse representation [37] [38] to find the pose

candidates for each frame. It has been reported in [37] that

the training dataset is fiiciently large, then sparse representa-

tion generally outperforms nearest neighbor method. Agroth
advantage of sparse representation is that the neighhbwbgim®
(number of candidates) is adaptive rather than fixed.

Let X = [X1, %o, ...,%n] € RY*N denote the matrix of all
visual features in the example database, angletRY be the
novel visual feature of framewhose 3D pose candidates are

to be retrieved.X; can be approximated as a combination of

examplar features:

S’(t ~ Wtq1)~(1 + Wt,2$‘(2 + ...+ Wt,N)?N = XWt, (17)

wherew; 1, ...,w;n > O are the positive reconstruction weights
of %, andw; = [Wt,l,...,wt,N]T is the reconstruction weight
vector for framet. The residual error of the approximation is
||5l(t - XW’(”

= e e e e e e e = =— =
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Figure 2: Graph model for sequential optimization.

Temporal cue. The recovered poses from successive frames should

not change abruptly. That iSlosdYin(), Yi+1ni+1)) Should be
relatively small. This is encoded in edge weights (traasiti
scores). From frameto t + 1, the transition scoren) n1) is:

On one hand, we want the residual error to be small. On

the other hand, we expect the reconstruction weight veetor

to be sparse, i.&; should be reasonably approximated by only

a small subset of examplar visual features. If no conssavats
enforced on the sparsity @f;, thenX; would be approximated
using (17) with a very small residual error by dense weidhds t
are not informative on the intrinsic data relationship. rEfere,
we have the following objective:

W, = arg min(”)”(t - Xw|| + y|wt|1),st.wt,1, Wy >0, (18)

wherey is the regularizer, and|; is the L; norm. The opti-
mization in (18) can be solvedfiiently by Lasso [39]. In this

Onqn+1) = EXP(~Gpose(Yinay: Yessneen)fo?)  (20)

Under the above model, the score of a gdtk h(1)h(2)...h(T)
is the total feature scores of all nodes it passes by, pluotak
transition scores of all edges it traverses:

T-1
Z On(t),h(t+1)»
t=1

T
score(H) = > iy + @ (21)
t=1
wherea is the weighting parameter. The global optimal pose
path can be féiciently found using dynamic programming.
Details have to be discussed depending on the system type.

way, for each frame, a set of pose candidates is construgted (32ich system. For batch systems, all video frames from 1Tt

sparse representation with the items in the example databad

with non-zero weights.

4.2. Sequential Optimization via Dynamic programming

re known before sequential optimization, and thus theajlob
optimal path can be guaranteed. Note that under this model it
is very convenient to incorporate user defined constradgsr

may specify the correct pose for a frame. This can be treated a
hard constraints by forcing the path to pass the specifiedsiod

The ne?<t step is to conduct sequential opt_lmlzanon fromThis makes the maintenance of pose paths very convenient.
pose candidates of each frame to get a continuous pose se-

quence. We use a graph model depicted in Figure 2 to illuspnline system. Things are a little dferent for online systems,

trate the problem. Nodg . represents the" pose candidate of
framet, andw; . is the corresponding weight derived from (18).

such as real-time human-computer interaction. In suchsgcase
at each time, we can derive the optimal path up to frame

Nodes from successive frames are connected by edges Wifthd the traversed pose at framés displayed to the user as

weights. Under this model, sequential optimization is equi
alent to finding a best patH = h(1)h(2)...h(T).

Feature cue. yny should be consistent with the visual feature
in framet. This is encoded in the weiglg ny). For framet, the
normalized weights are used as the feature stgse

fhy = W / Z Wi,c
(o3

(19)

the recovered pose. One thing we have to pay attention to is
that when new frames at timte+ 1, t + 2... arrive, the path
before timet might be changed, and this may cause discontinu-
ity in the online pose display. However, the action of "chang
ing the history” occurs only occasionally and can be seen as
automatic correction from errors. Our method gets back from
temporary errors once more information is available. Fbeot
incremental tracking methods, it is possible that the fragris
permanently drifted from such errors (See Section 5.4 irte
periments). For online systems, the ability to sustairsBatig
recovery over a long time is very important.



5. Experiments

In this section we present experimental results. Section ' ,
5.1 and 5.2 show the evaluations of our visual feature sefect \l
method using synthetic images and real images, respsctivel
Both Sections 5.1 and 5.2 are based on HumanEva datasi
where synthetic images allow us to evaluate in unusual appeg
ances and real images allows the evaluation with noiseiddect
5.3 evaluates the pose retrieval via sparse represent&egt Agragor  BBallPlayer  Edward  Gaulix  Gaunt
tion 5.4 evaluates the sequential optimization strategy.

Humanoid

1l

Figure 3: Characters used in image synthesis.

5.1. Evaluating feature selection on synthetic data

5.11. Data e Shape contexts ([16][17]): We use histogram of shape
The data used here is from HumanEva dataset. HumanEva  contexts with codebook size 100, constructed from 12
contains data of 5 motion types, namélyxing, gestures, jog, angular bins and 5 radial bins.

throw-catch and walking performed by 3 subjects. For each )
motion type and each subject, there are three trials, whiaie t » Poisson features ([20]): We use 30 moment based fea-
1 contains synchronized video and motion data, trial 2 ¢nsta tures calculated on local Poisson features.
only video data, and trial 3 contains only motion data. I thi
subsection, we use the motion data (3D poses) from trial 3 o{ur
all subjects, and the corresponding images are synthebized
retargeting the poses to 3D characters. 5.1.2. Evaluation metric
Due to the high frame rate and the repetitive nature of mo-
tions, the dataset contains a lot of very similar poses. deior
to make the evaluations mordfieient, we generate a subset
of 3D poses. First, we rotate all 3D poses fbyadw angle

?'e' I|<n frontal \lllevtv r_espectt:]o the Carﬁ;%'oo-rhgn’ we Eer'training data as in Section 4.1. Since we are evaluatingithe v
orm k-means ciustering on the poses - PO each = g5 features, sequential optimization introduced iniSeet.2
pose configuration, we generate 24 poses by cycling the Yy not employed. That is, the retrieval error is evaluated in

angle from 0 to 345 with 15° interval. Thus we generate dependently for each testing image by the weighted distance

3OOXbZ4M: 7.203 p.tl)g,es.ST her';,. each3po|se irs].targeted o8 Ch‘”‘r"’lﬁétvveen the ground-truth pose and the pose candidates. Sup-
ters by MotionBuilder (See Figure 3). In this way, we generat .o yhe ground-truth pose for a testing image isety, and

7200x 8 = 57600 images. They typically have unusual appear-fc(i = 1,...,,C) denote the pose candidates and corresponding

ances (e.g. exaggerated head, helmet, gun in hand). scores (defined in (19)). the retrieval error is:
The ground-truth poses of the 57600 images are trivially ( (19)), '

known because they are synthesized using the ground-tostsp C
The image features are based on silhouettes and are composed error = Z feOoosdY., Vo), (22)
of several feature types as follows (See [33] for details): c=1

There are totally 716 feature components, from which fea-
e selection is performed.

The visual feature selection methods are compared by pose
retrieval as in Section 4.1. First, the images are dividedséis-

ing and testing. Then, for each testing image, its visualfea
vector is calculated, and pose candidates are retrievettfre

) , . ._wheredpsd.,.) calculates the pose distance. Here we use the
y gs%ue%agznr:;ai%ggfg 8ngn|1|2nabn(()jdtyhse k;g:gg::ggz(;xc:f built-in pose distance fun_ction provided in HumanEva, vahic
. . ' .calculates the mean 3D distance between virtual marker® No

foreground pixels in each cell are used as features. Thla1at body orientations (yaw angles) are not aligned. Tioeesf

generates 12 8 = 96 feature components. poses under tlierent yaw angles have large distance. This is
e Contour signature ([18]): Contour signature is definedreasonable for view-independent pose recovery.

by some geometric quantity along the silhouette border.

We adopt three versions: complex coordinates, centroi®-1.3. Compared methods

distances, and tangent angles. For each silhouette, we We compare several feature selection methods.

uniformly sample 64 points along the contour. Therefore L .
the total dimension is 128 64 + 128 = 320. All components. The evaluation is performed using all the 716

feature components. This is the baseline.
e Fourier descriptor ([4]): Fourier descriptor consists of
normalized Fourier cdicients at diferent frequencies Subset selection (hard). Feature selection is performed using
after applying DFT to the contour signatures introducedthe method proposed in Section 3, using hard pairwise fonsti
above. It contains 6232+62 = 156 feature components. as in (5), where the cuttbthresholdr is set to 80 mm.

e Hu moments ([19]): Hu moments consist of 7 momentSubset selection (soft). Feature selection is performed using
based features calculated by treating the shape as a twthte method proposed in Section 3, using soft pairwise fansti
dimensional density distribution. asin (6), wherer is set to 80 mm..
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Figure 4: Evaluation results on synthetic images using singhracter. Figure 5: Evaluation results on synthetic images using naltiparacters.
. L of| [__]Subset selection
Adaboost (no weights). Feature selection is performed by Ad- 10" [ Adaboost

aboost as in [6]. Weights of the selected features are disdar

—_
=]
w

Adaboost (weights). Feature selection is performed using Ad-
aboost as described above. Weights of the selected featt@res
reserved. That is, each selected feature component isidoale

the corresponding weight.

10"

5.1.4. Resultsusing a single character

First, we evaluate the methods on a single character. In the
57600 images, there are 7200 images belonging to the sthndar ;
Humanoid subject. These 7200 images are randomly divided 50 100 150 200 250 300 350 400 450 500
into 3600 for training and 3600 for testing. This is a relaljy number of selected components
easy scenario, since the same subject appears in botmgaini
and testing. From the 3600 training data, we randomly géaera
10000 pairs for feature selection. Then, the evaluatioreis p
formed on the testing images. The results are plotted inrBigu seen that our subset selection algorithm generate the best p
4. It can be seen that our feature selection method outpesfor formance. In this case, the soft pairwise (dis)similariind-
others. Hard and soft pairwise (dis)similarity functiorengr-  tions notably outperforms the hard functions when the num-
ate comparable results in this case. We can also conclutle thger of selected components is less than 200, indicatingtftt
for Adaboost, the weights of the selected features play an imfunctions are more robust in dealing withffidrent human ap-
portant role. If the weighs are not used, error is notablgdar  pearances. For Adaboost, the weights of selected feattees a

still important as we observed in Section 5.1.4.

mean computation time (ms)

Figure 6: Comparison of computation time in training stage.

5.1.5. Results using multiple characters

Now we consider the evaluation on the 57600 images 0b.1.6. Comparison on computation time
all the eight characters in Figure 3. This is clearly more dif  Assaid in Section 3.5, our subset selection algorithm ig ver
ficult than the single-character case, as the appearanc of fast as its complexity i©(dlog(d)). On the other hand, Ad-
ferent characters fier a lot. We use the 28800 data samplesaboost is much slower. Adaboost requigésounds to seleal’
from characteré\gragor, BBallPlayer, Edward andGaulix for ~ components. In each round, we have to calculate the ermr rat
training and the remaining 28800 samplesafint, Humanoid,  of each of thed components, where the computation of each
Mia and Roger for testing. That is, no character appears incomponent involves classifying thd data pairs. Therefore,
both training and testing. This significantly increasesdiie  the computation complexity i9(d x d’ x M).
ficulty, because the algorithm has no way to learn the testing Figure 6 compares the mean computation time in training
characters’ appearances from the training data. In thismey stage in the settings of Section 5.1.5. On average, our metho
emphasize on the generality, which is extremely important f is around 1000 times faster than Adaboost.
image based pose recovery. From the 28800 training images,
100000 pairs are randomly generated for feature selecliom. 5.2. Evaluating feature selection on real data
other settings are the same as the single-character case pre |n this subsection we perform evaluations on the feature se-
sented above. The results are shown in Figure 5. It can bRction method using the real images from HumanEva dataset,
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. , : outperform the hard ones in most cases, but when the number

Figure 7: Evaluation results on real images. . .
of components is large, their performances are comparable.

where all subjects S1, S2 and S3 are included in evaluatiorh.3. Evaluating Pose Retrieval via Sparse Representation

HumanEva utilizes seven cameras. Because we are recovering |n this subsection we evaluate performance of sparse rep-

poses from monocular images, we only use the images froffesentation against nearest neighbor method. The tradtzitay
camera C1. We use the training partition of the original setta js the same as in Section 5.1.4, i.e. 3600 samples belonging
as the training data, and the validation partition as th8n@s o Humanoid character. The testing data is a sequence of real
data. The original testing data is not used, as ground-math  jmages from subject S1 in HumanEva dataset, where she walks
tion data is not provided. Moreover, some 3D poses in the origin 3 36@ circle (see Figure 9). Here we fix the feature to be
inal dataset are marked as invalid by the dataset publiahdr, the 150 components selected in Section 5.1.4 using our sub-
are removed from evaluation. In this way we generate a tdtal 05et selection algorithm with soft pairwise functions. Pose
4729 training data and 4848 testing data. Each sample esntaitrieval is conducted using sparse representation as wed as
the image and corresponding ground-truth 3D pose. nearest-neighbor, and then sequential optimization byyo

In contrast to the previous subsection, here we do not tiliz programming is performed to get the final recovered pose se-
silhouette-based visual features. Instead, we emplogdnaim  guence. The mean recovery error is the mean distance between
of gradients [21][13] that is calculated from the origimabige.  the ground-truth pose and the recovered pose in each frame.
Specifically, the bounding box of the person in the image is  Fork-nearest-neighbor, we evaluatéeient values ok=1,
equally splitintoHx W cells. For each cell, we constriCthins 5 10, 15 and 20. Also, for feature-cue, we use the normalized
representingk directions in the image plane. Then, the gradientgjstance in the feature space as the weight (which servé®as t
of each pixel inside the bounding box is calculated, and th%ounterpart of (19) iknn case). For sparse representation, we
gradient direction of each pixel contributes to the coroesing  fix the regularizery to be 50. The comparison is plotted in
direction bin of the cell it belongs to. In this way, a setbi&  Figure 8. It is clear that sparse representation generatesa

W K feature components are extracted for each image.  recovery error compared tenearest-neighbor method.
We setK = 9, i.e. each direction bin corresponds to a range

of 20°The setting ofH andW are not so easy, as they specify 5 4. Evaluati ng sequential optimization
the resolutlon_ at which the grad|_ents are accumulated. a In this subsection we evaluate the sequential optimization
the aspect ratio of human bounding box is roughly 0.5,Wetatdopvia dvnamic oroaramming. The training data and testing data
several configurationsH, W) = (2, 1), (4, 2), (8,4), (16, 8). This y prog 9. g9 g

. X h i ion 4.1. We still fix the f h
produces a total of 1530 hierarchical feature componers) f are the same as in Sect|on_ ° still fix t € eature to be the
. S 150 components selected in Section 5.1.4 using our subset se
which feature selection is performed.

The evaluation metric is the same as in Section 5.1.2 anléaction algorithm with soft pairwise functions. Pose ret&ll is
e onducted using sparse representation, and then sedogritia

Figure 7 shows the results. When the number of selected conl=. ~tion is performed to qet the final recovered pose se@enc
ponents is relatively smalk(80), Adaboost achieves lower er- P 9 P R

. : everal sequential optimization methods are compared.
ror. However, in such cases neither Adaboost nor our methoﬁ d P P
generates satisfactory performance (the erroris everhtbbn  1ohmag. The topmost match of each frame is used. This does
baseline). When the number of selected components is 1argg{qt consider temporal information at all.
our method shows its advantage. The soft pairwise functions
Smple Incremental. For framet = 1, topmost match is used.
1Actually, we can still use the silhouette based features 8eétion 5.1 and For framet = 2,....T, the pose is inferred from the featur,e
get similar results. In this section we use HoG to demonsthatecur method ~ CU€ Of the Cu_r_rent frame_ and the recovered pose of th’? previou
can be applied to various types of visual features. frame. Specifically, the index of recovered pose of frdrse
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Figure 9: Evaluating sequential optimization. The first aadosid rows are images and silhouettes, respectively. Tta fourth, fifth and sixth rows are the
recovered poses using foulffdrent sequential optimization methods. Significant incapeses are marked by dash ellipses.

- . Table 1: Quantitative comparison of sequential optimization
¢ = argmin(fic + Adposdyr-1. Yeo)) (23) Method | Topmost | S | DP Batch | DP Online
Error (mm) 82.3 87.0 66.5 73.9

wheref; ¢ is the feature cue defined as in (1), is the recov-
ered pose in frame- 1, andg is the weighting parameter.

DP Batch. This is the dynamic programming method proposedsystem, user loads a sequence of images and designates-a exam
in Section 4.2, used in batch mode. ple database, and the corresponding pose sequence isnextove
To fine-tune the result, user can also specify hard constram

DP Online. This is the dynamic programming method proposedome frames, i.e. forcing the pose sequence to pass some pose
in Section 4.2, used in online mode. candidates. The online system operates in real-time (15 fps

Table 1 shows the quantitative comparison of mean recov- Because HumanEva only contains a limited amount of mo-
ery errors for the four sequential optimization methodsc&s  tijon. \We also use our own motion capture device to capture
be seen, our approach using dynamic programming providesome more motion data, such as punching, kicking, various
the best results. The performance is lower with the Online apgestures. These data are also used in the example database to

proach, which can not use future measures to correct ewsneorecover more motions. See Figure 10 for several illustnatio
estimates. From the two worst methods, it is interestinget s

that the topmost method performs better than the the inareme .
tal one, demonstrating that the increase in performancagan 6. Conclusions

only be obtained through temporal smoothing, but that itis i .
In this paper we propose a new exampler-based approach

portqnt to mglntaln multiple hypotheses. o recover 3D human poses from monocular images. We made
Figure 9 illustrate the results on one example. Note tha oo . .
this is a dfficult case because the subject is turning her bod wo contributions. First, we propose to use nt feature
: ) 9 ¥%election algorithm to select the globally optimal viswedture

as she walks and silhouette based features tendffiersauore :

S . ; components. The selected components improve the accuracy
from ambiguity in body orientation. Incorrect poses areann .

and dficiency of pose recovery. Second, we propose to con-

tated by dash ellipses in Figure 9. "DP Batch” and "DP Online” . . . i
" » duct pose retrievals using sparse representation, whislres
produces best results. For "Topmost”, the recovered pages a, ; o .
. . L that semantically similar poses have larger probabilitydaoe-
not continuous, and many er from reflective ambiguity. For

"Simple Incremental”, the result is not satisfactory eithso, trieved. .
L . o Currently, our example database contains up to ten thou-
the tracking is lost due to error ait= 225. "DP Online” pro- : ;
o . . sand samples. If the database contains many types of mptions
duces similar results to "DP Batch” at most frames. Erroks oc., . : ,
N . it will be much larger. This causes two subsequences. Hirst,
cur at frames = 90 andt = 105 for "DP Online”. However, ) . )
: . speed of pose retrieval will be slower. Secondfedent types
the error is automatically recovered whiea 120. . . . :
of motions will tend to interfere with each other more seligre
causing more ambiguity. In the future we would like to study
fore closely on the performance and optimization of our ap-
oach on very large example databases.

5.5. System implementation
We implement two systems using the approach proposed i
this paper: a batch system and an online system. In the baté

9



Figure 10: Recovery results for online system.
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