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Abstract

We present an image matching method for recognizing humstupes in cluttered images
and videos. A novel “successive convexi cation” schemedsaloped for matching body pos-
tures. Using local image features, the proposed schemdet@bccurately locate and match
human objects over large appearance changes. Posturescagnized based on similarity
measures between exemplars and located target objectsrilBgnts show very promising

results for the proposed scheme in recognizing and detghtiman body postures in images
and videos.

Keywords: Human Posture Recognition, Pattern Matchinggear Programming, Successive Con-
vexi cation.

1 Introduction

Recognizing human posture in images and videos is an imgdeak in many multimedia appli-
cations, such as multimedia information retrieval, humamputer interaction, and surveillance.
Posture is a snapshot of human body con guration. A sequefhpestures can be combined to-
gether to generate meaningful gestures. In many casesfa@osone single image also conveys
meaningful information. For example, it is possible for artan observer to disambiguate actions
such as walking, running, standing, sitting, etc., front msingle image. In recent years, rec-
ognizing human body postures in images or videos with a g@ad af confounding background
clutter has received much interest.

In this article, we present a posture detection method basddcal image features and suc-
cessive convexi cation image matching [21] [22] [23]. Imematching based on successive con-
vexi cation operates very differently from previous mettosuch as Relaxation Labeling (RL) [1],
Iterative Conditional Modes (ICM) [2], Belief Propagati(®P) [3], Graph Cut (GC) [4], and other



convex programming based optimization schemes [5] [6]The proposed scheme represents tar-
get points for each template point with a small basis set.c&sive convexi cation gradually
shrinks trust region for each template site and convergrmmal hard problem into a sequence of
much simpler convex programs. This greatly speeds up searamaking the method well suited
for large scale matching and posture recognition problemsexperiments, we show successful
application of the proposed scheme in detecting human pssand actions in cluttered images
and video sequences.

1.1 Related Work on Posture Recognition

Recognizing human body con guration in controlled envimoents has been intensively studied in
many experimental and commercial systems; to name a few: WBdia Lab'sKIDSROOM3],
ALIVE [9], Emering et al.'s gesture recognition system [10] andd/(Group’s gesture recognition
system [11] aimed at HCI applications. These systems rebegmentation of human objects from
the background in a speci c, restricted environment (thé&8ROOM, ALIVE, Vivid group's
system etc.) or by position/velocity sensors attached todrusubjects [10]. To facilitate the
segmentation process, other systems use infrared cani&per[multiple cameras [13]. These
systems are more expensive to deploy than simple monoasiatetlight camera systems.

In uncontrolled environments, recognizing human body yrest becomes a challenging prob-
lem because of background clutter, articulated structofé&siman bodies, and large variability of
clothing. To overcome these dif culties, different methsoolased on directly matchingmplates
to targets have been studied. One method is to detect huntynpaots [14] [15] [16] and their
spatial con guration in images as illustrated in Fig. 1 (Bpdy-part methods only involve a few
templates to represent each body part. The shortcomingsofrtethod is that body parts are dif -
cult to locate in many uncontrolled cases, mainly due tdhohgf changes, occlusion, and body-part
deformation. Currently, body-part based schemes are ume@dognizing relatively simple hu-
man postures such as walking [15] and running [17]. Anothethmd recognizes human postures
based on small local image features. As illustrated in Figh)1this scheme matches postures as
whole entities and does not distinguish body parts explidi this article, we follow this scheme.
Most previous methods based on matching local image feafu®d [20] assume a relatively clean
background. When background clutter increases, distgigpal features are weakened and simple
matching schemes cannot generate desirable results. Tbessive convexi cation based scheme
we now outline presents a method to robustly and ef cientlive the problem.

2 Posture Recognition as a Matching Problem

Posture recognition is inherently an image matching problafter matching posture template to
target object, we can compare their similarity and carrypmsture recognition. Posture matching,
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Figure 1: Posture recognition by matching: (a): body-padu; (b): matching a whole entity,
using local image features.

can be stated as an energy minimization problem:

min f EMatching + ESmooth g (1)

We would like to nd an optimal matching from template featyoints to target points. The goal
is to minimize the matching cost, the rst term above, andhatgame time smooth the matching
with the second, regularity (or “smoothness”) term. Thetiplier balances the matching cost
and the smoothness term.
In this article, the energy minimization problem is formield based on Eq. (1) as
8 9
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whereS is the feature point sel is the neighboring point set{s) maps 2D point in template
image to a 2D point in target image(s; f (s)) is the cost of matching target poifnts) to s (e.g.,
our block-based image measure belod();, ) is a distance function. We focus on the problem
whered(:; ) is the city block distance. The smoothness term enforcéstfighboring template
points should not travel too far from each other, once matchi&ere are different ways to de ne
the neighbor pair set. One natural way is to use a Delaunarygulation over the feature points in
the template, and identify any two points connected by aelg graph edge asighbors

Fig. 2 illustrates the matching problem. In Fig. 2, poiptandq are two neighboring template
feature points and their targets dr@) andf(q) respectively. Intuitively, we should minimize
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Figure 2: Matching postures.

the matching costs and at the same time try to make the magtchinsistent by minimizing the
difference of vectors) p andf(q) f(p).

2.1 Features for Matching

For posture recognition problems, the features selectethi matching must be insensitive to
appearance changes of human objects. The edge map contatsfrtine shape information for an
object, and at the same time is not very sensitive to colongbsa. Edge features have been widely
applied in Chamfer (edge-based) matching [18] and shapexi25] matching. We have found
that small blocks centered on the edge pixels, of a distamaosform image are expressive local
features. Here, Bistance Transfornconverts a binary edge map into a corresponding grayscale
representation, with the intensity of a pixel proportiotwaits distance to the nearest edge pixel. To
incorporate more context information, we can further aggbla log-polar transform to a distance
transform image [23]. The matching cost can then be reptedexs the normalized mean absolute
difference between these local image features. Local inflegtires are not reliable in image
matching, and therefore a robust matching scheme as isnpegsi the following is required.

2.2 Linear Programming Matching

The energy optimization problem in Eq. (2) is usually noaéin and highly non-convex, i.e., it
has many local minima. Such problems are dif cult to solveheut a good initialization pro-
cess. Instead of trying to optimize the problem directly,amavert it into an approximated linear
programming (LP) problem [22], [21] and [23].

The basic idea is that we introduce weights which can bepntééed as a set of ( oagoft deci-
sionsfor matching target points to template feature points. A¢apoint can then be represented
as the linear combination @épresentativeéarget points that we call theasis target pointsThe
cost of matching ispproximatedas the weighted sum of costs of these basis points. Finadly th
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Figure 3: Lower convex hull. Left: a cost surface; Middle:we&r convex hull facets; Right: The
label basiBBg contains coordinates of the lower convex hull verticesi(babts are basis points).

Sidebar 1: Properties of LP Formulation
The LP formulation has several interesting properties:

1. For general cost function, the linear programming formuatsolves the continuous
extension of the reformulated matching problem, with eaatchmng cost surface
replaced by its lower convex hull.

2. The most compact basis set contains the vertex coordinatas tower convex hull
of the matching cost surface.

By this property, there is no need to include all the matcloiogss in the optimization:
we need only include those corresponding to the basis tamjats. This is one of
the key steps to speed up the algorithm.

3. If the convex hullof the cost functions strictly convex,nonzero weighting basis
labels must be “adjacent”.Here “adjacent” means the convex hull of the nonzerp
weighting basis target points canraantainother basis target points.

4. If we solve the linear programming problem by the simplexhoetthere will be at
most 3 nonzero-weight target poirits each feature point in the template.

The optimization is reduced to just a fast descent throughwairfiangles in the target
point space for each site.

smoothness term is linearized by using auxiliary variaf2d$.

In some special cases, this linear program can be used ttyegalve the continuous extension
of the matching problem; in general situations, it is an agpnation of the original problem.
Sidebar 1 lists some properties [22] of the LP. Fig. 3 illasts a cost surface, its lower convex hull
and the basis target points.
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Figure 4. Object Matching using successive convexi cation

After the convexi cation process, the original nhon-convegtimization problem turns into a
convex problem and an ef cient linear programming methon lba used to yield a global optimal
solution for the approximation problem.

2.3 Successive Convexi cation

Because of the convexi cation effect of the linear programgirelaxation, the approximation is
coarser for larger search region in the target image. ThaikEhsolution will be more precise if we
can narrow down the searching range. A successive relaxstiteme is thus proposed to solve the
coarse approximation problem. We construct linear programsursively, based on the previous
searching result, and gradually shrink the trust regiorefach site, systematically. But note that
we convexify the original cost functicamain (i.e., we “re-convexify”) in the smaller region. F4.
shows the procedure.

Anchors are used to control the trust regions. To locate @isgla consistent rounding process
[22] is applied to LP solution of the previous stage. The newttregion for each site is a smaller
rectangular region that contains the anchor, for examptegeon centered on the corresponding
anchor. Example 1 illustrates the successive convexiorafirocedure for a simple 1D matching
problem.

Example 1(A 1D problem): Assume there are two sitel 2g and for each site the target point
setisf 1::7g. The objective function isin; .. ,4[c(1; 1)+ c(2; 2)+ j 1 2j]: In this example
we assume the matching costs &cél;j)g=[ 1.1, 6, 2, 7, 5, 3, 4]f c(2;))o=[5, 5, 5, 1, 5, 1, 5];
and =0:5.

Based on the proposed scheme, the problem is solved by therse LPs:LP o, LP ; and
LP,.

In LP ¢ the trust regions of sites 1 and 2 are bfth7]. ConstructingLP o based on the
proposed scheme corresponds to solving an approximatddiepnan whichf ¢(1;j)g and
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Figure 5. An example of successive convexi cation matching

fc(2;])g are replaced by their lower convex hulls respectively (see ). StepLP o uses
basis label$ 1, 6, @ for site 1 and basis label4, 4, 6, g for site 2.LP ¢ has solution.; =
0:4, 1.6 = 0:6, 1.7 = 0, 1= (04 1+0:6 6) = 4; and 2.4 = 1, 21= 26— 27+ 0,

» = 4. Based on the rules for anchor selection [22], we X site 2WiP ( solution 4, and
search for the best target point for site 1 in the region [LiSihg the non-linear objective
function; we get the anchor 3 for site 1. Using similar metfarcsite 2, we get its anchor 4.

Further, the trust region &fP ; is[1;5] [2; 6]by shrinking the previous trust region diameter
by factor of 2. The solutiondfP ; is ; =3 and , = 4. The new anchor i8 for site 1 and
4 for site 2.

Based onLP 1, LP , has new trust regiofi2;4] [3;5] and its solution is; = 3 and

» = 4. Since 3 and 4 are the anchors for site 1 and 2 respectivelynaih@ next iteration
the diameter shrinks to unity, the iteration terminatesis Ihot dif cult to verify that the
con guration ; =3, , =4 achieves the global minimum.

Interestingly, for the above example ICM or even the Graph @&y nds a local minimum,
if initial values are not correctly set. For ICM, if; is set to 6 and the updating is from, the
iteration will fall into a local minimum corresponding ta = 6 and , = 6. The Graph Cut
scheme based onexpansion will have the same problem if the initial valuebath ; and , are
set to 6.

Example 2 (An 2D problem): Fig. 6 illustrates an example for matchintgiangle in clutter
using successive convexi cation. The trust region updatmd convexi cation process for two
points on the template are illustrated. The black rectanigid-igs. 6 (d), (e) and (f) indicate the
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Figure 6: Object matching in cluttered image.

trust regions for the two selected points in three succeds®/stages. The convexi ed matching

cost surfaces for each site in these trust regions arerdiiest in the second row of Fig. 6. These
convex surfaces are supported by a very small number otcesrtiorresponding to the basis target
points. The 3-stage successive convexi cation schemddgdae target in clutter accurately.

With a simplex method, an estimate of the average compleXiguccessive reconvexi cation
linear programming i©O(jSj (logjLj+log |Sj)), whereS is the set of template feature points and
L is the target point set. Experiments also con rm that therage complexity of the proposed
optimization scheme increases more slowly with the sizawfdt point set than previous methods
such as Belief Propagation, whose average complexity jsqstional tojL j?.

2.4 Measuring Similarity

After posture matching from a template to target object, wechto decide how similar these
two constellations of matched points are and whether thereag result corresponds to the same
posture as in the exemplar. We use the following quantibeaeasure the difference between the
template and the matching object.

We rst de ne measureD as the average pairwise length changes from the templdie target.
To compensate for the global deformation, a global af nasfarm is rst estimated based on the
matching and then applied to the template points beforauzlogD. D is further normalized
with respect to the average edge length of the template. d¢twngl measure is the average feature
matching cosiM . The matching score is simply de ned as the linear comboratf D andM .
Experiments show that only about 100 randomly selectedifegtoints are needed in calculating
D andM.

The above posture matching method can also be extended ¢him@video sequences to detect
actions [23] by introducing a center continuity constraintthe following, we present experimen-
tal results of posture and action detection in images aneoad



3 Experimental Results

In this section, we rst compare the proposed matching sahasith BP and ICM using synthetic
ground truth data. Then we show experiments to test the gegplbuman posture detection scheme
using real video sequences.

3.1 Matching Random Dots

In this experiment we compare the performance of successiveexi cation linear programming
(SCLP) with BP and ICM for binary object detection in cluttbr our experiments, the templates
are generated by randomly placing 100 black dots into a 128 white background image. A
256 256 target image is then synthesized by randomly tranglatid perturbing the block dot
positions from those in the template. Random noise dotsheme added to the target image to
simulate background clutter. For each testing situatiorgeserate 100 template and target im-
ages. In this experiment, we match the graylevel distameestormation of the template and target
images. Fig. 7 compares results using the proposed matsbiregne with using BP and ICM. The
histograms show error distributions of different methobfsthis experiment, all the methods use
the same energy function. SCLP has similar performance tai@Pmuch better than the greedy
ICM scheme in cases of large distortion and cluttered enwrents. SCLP is much more ef cient
than BP when the number of target points exceeds 100. Wi@GHz PC, for a matching problem
with 80 template points and 1000 target candidate pointsP3@as an average matching time 10
secs with 4 iterations, while BP takes about 100 secs foojustiteration.

3.2 Finding Postures in Video

Finding postures in video sequences using exemplar pastueevery useful application. We rst
test the method with a “yoga” sequence, which is about 304orig. We choose three different
posture exemplars from another section of the video. Byifpeg the region of interest, graph
templates are automatically generated from the exempzash template is then compared with
video frames in the test video. The shortlists based on thaiching scores are shown in Figs. 8 (b,
c, d). The templates are shown as the rstimage in each sktofflhe Recall-Precision curves are
displayed in Fig. 12 (a).

Fig. 9 illustrates the performance of the proposed schenmeatthing objects wittharge ap-
pearance differencedNe use a exible toy as the template object and search inovggEuences
for similar postures of actual human bodies. Two sequeneessed in testing: the rst, shown
in Fig. 9, has 500 frames and the other has 1,000 frames. Hnerewer than 10% true targets
in the video sequence. The vertical and horizontal edgdseitvackground are very similar to the
edge features on human bodies, and this presents a majtara@for object location and match-
ing. The shortlists of matching results are shown in Figs,2lf, and Recall-Precision curves are
shown in Fig. 12 (b).
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Figure 7: Histogram of matching errors using SCLP, BP and ICM

In another experiment, we search a gure skating sequenoeta&®-min long to locate similar
postures as exemplar postures. The gure skating prograrteaes 5 skaters, with quite different
clothing. The audience in the scene presents strong baskdi@utter, which may cause problems
for most matching algorithms. The sampling rate for the gidel frame/second. Fig. 10 shows
shortlists of posture searching based on the matching sdorethree different postures. The
templates are shown as the rstimage in each shortlist. TéeaRPrecision curves are shown in
Fig. 12 (c).

In the previous experiments, we search for postures in wdbat contain a single object in
each video frame. In this experiment, we consider postuegeition for videos that may contain
multiple objects in each frame. We would like to locate olgemith speci ¢ postures in hockey
games. Hockey is a fast paced game, with fast player movenaentcamera motion. Detecting
activities of hockey players is an interesting and chalilegg@pplication. The background audience
and patterns on the ice also make posture recognition a hratdem. To deal with multiple
targets in images, we apply composite ltering rst. The cposite template is constructed as the
average of 200 randomly selected hockey players. To redhede tuence of clothing, these images
are converted to distance transformed images for comptsiiplate construction and composite
Itering. For each input video frame, the positions of loeallleys of the composite Iter residue
image are potential object centers. Rectangular imagdéesaientered on these object centers are
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(a) Sample frames from video

(b) Shortlist of matching for Yoga posture 1

(c) Shortlist of matching for Yoga posture 2

(d) Shortlist of matching for Yoga posture 3

Figure 8: Matching human postures in yoga sequence.

(a) Sample frames from video 1

(b) Top 19 matches for video 1

(c) Sample frames from video 2

(d) Top 19 matches for video 2

Figure 9: Matching human postures using exible toy objerhplate.
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(a) Top 19 matches for gure skating posture 1. The rstimagthe exemplar.

(b) Top 19 matches for gure skating posture 2. The rst imag¢he exemplar.

(c) Top 19 matches for gure skating posture 3. The rstimagéhe exemplar.

Figure 10: Figure skating posture detection.

cut from each video frame and forwarded to linear prograngnaetail matching to compare their
similarity with the posture template. Fig. 11 (a) shows thertlist of searching for a shooting
action in a 1000-frame video sequence. Two instances ofhbetig action are successfully
detected at the top of the shortlist. Fig. 11 (b) shows amgibsture detection result, for a 1000-
frame video with another posture template. The shortlistidéo frames and hockey players are
shown, based on the matching scores. The matching scoreviolea frame is de ned as the
smallest object matching score in the frame. The Recaltifitn curves are shown in Fig. 12 (d).

We also compare Chamfer matching with the proposed schenmo&ture detection. Fig. 13
shows the gure skating posture detection result using (feamatching. The template posture
is the same as that of Fig. 10 (c). As shown in this result, Gaamatching does not work well
when there is strong clutter or large posture deformation.

3.3 Finding Activities in Videos

We further conducted experiments to search for a speci madh video using time-space match-
ing [23]. An action is de ned by a sequence of body posturasthese test videos, a specic
action only appears a few times. The template sequence &t slang the time axis with a step
of one frame, and for each instant we match video frames Wweheémplates. Fig. 14 and Fig. 15
show experiments to locate two actions, kneeling and haadng, in indoor video sequences of
800 and 500 frames respectively. The two-frame template$ram videos of another subject in
different environments. The videos are taken indoors amiiaie many bar structures which are
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(b) Locating postures in video with exemplar 2

Figure 11: Finding postures in hockey.
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Figure 12: Recall-Precision curves.

Figure 13: Figure skating posture detection using Chamfsching. The rstimage is the tem-
plate image.

13



A,
=2

(a) Templates (b) (©) (d) (e) ) @)

Figure 14: Searching “kneeling” in a 800-frame indoor sewee (a) Templates; (b..g) Top 6
matches.

(a) Templates (b) (©) (d) (e) ® (9)

Figure 15: Searching “right hand waving” in a 500-frame indeequence. (a) Templates; (b..g)
Top 6 matches.

very similar to human limbs. The proposed scheme nds al2lkeeeling actions in the test video
in top two of the short list; and all the 11 waving hand actionthe top 13 ranks. Fig. 16 shows
the result of search for a “throwing” action in a 1500-franaséball sequence. Closely interlaced
matching results are merged and our method nds all the tapgeearances of the action at the top
of the list. We found that false detection in our experimesit®ainly due to similar structures in
the background near the subject. Very strong clutter istardactor that may cause the matching
scheme to fail. Pre Itering or segmentation operationsadiplly remove the background clutter
can further increase the robustness of detection.

4 Conclusion

We have set out a novel posture detection method using siceeonvexi cation. This method

is more ef cient and effective than previous methods fortpes matching in which a large target
point set is involved. It can also solve problems for whichestschemes fail. We use distance
transforms of the edge maps to match the template and targages, and this representation
facilitates matching objects with large appearance vianat Experiments show very promising

14



(a) Templates (b) (©) (d) (e) ® (9)

Figure 16: Searching “throwing ball” in a 1500-frame badkefequence. (a) Templates; (b..g) Top
6 matches.

results for human body posture detection in cluttered emvirents.
By pre Itering video, confounding features can be paryatliminated from the target image,
and matching will become more ef cient, making it theref@@ssible to conduct real-time match-

ing.

Furthermore, dynamic models can also be incorporateithprove recognition accuracy.

Finally, the proposed scheme has the potential to be dyraptlied togeneralobject recognition
problems.
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