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Abstract

We propose a novel global pose estimation method to de-
tect body parts of articulated objects in images based on
non-tree graph models. There are two kinds of edges de-
�ned in the body part relation graph: Strong (tree) edges
corresponding to the body plan that can enforce any type
of constraint, and weak (non-tree) edges that express exclu-
sion constraints arising from inter-part occlusion and sym-
metry conditions. We express optimal part localization as
a multiple shortest path problem in a set of correlated trel-
lises constructed from the graph model. Strong model edges
generate the trellises, while weak model edges prohibit im-
plausible poses by generating exclusion constraints among
trellis nodes and edges. The optimization may be expressed
as an integer linear program and solved using a novel two-
stage relaxation scheme. Experiments show that the pro-
posed method has a high chance of obtaining the globally
optimal pose at low computational cost.

1. Introduction

Detecting poses of articulated objects is critical for appli-
cations such as gesture recognition, articulated object track-
ing, surveillance, and human computer interaction. Broadly
speaking, there have been two approaches to this problem:
One may either detect full body poses directly from full
body templates, or one may �rst detect body parts and then
assemble the parts into poses. For a small to medium num-
ber of postures, a full body matching based on Chamfer
matching or shape context matching [1] can be used. For
clean segmented body pose images, classi�cation methods
[2] can be used to map the shape of the body pose into body
part con�gurations. For articulated objects, however, whole
body matching requires a very large number of templates –
limiting both the practicality of the approach, and the gen-
eralizability of the approach to new poses and new object
classes.

In contrast, methods based on detecting parts and then
optimizing the body assembly use many fewer templates

and promise better generality, but face a challenging opti-
mization problem. Due to the dif�culty of detecting parts
reliably in a bottom-up manner, the usually large number of
body part candidates prohibits an exhaustive search of the
whole body con�guration space in real applications.

Part assembly methods therefore tend to focus on mit-
igating the hard optimization problem, either by simplify-
ing the model or by approximating the optimization. For a
simpli�ed body part relation model using a tree structured
graph, dynamic programming (DP) [5, 4, 6] can be used
to globally optimize the body pose estimation. However, a
tree relation graph cannot model interactions between body
parts non-adjacent in the tree due to occlusion or symme-
try conditions. Consequently, DP methods naturally detect
both arms at the same location, and both legs also. Sequen-
tial application of DP after removing the detected arm and
leg may detect the other arm and leg, but mistakes from the
�rst stage cannot be undone.

One may instead use a non-tree part relation graph to
enforce the correct con�guration constraints between body
parts. Unfortunately, for formulations based on a general
relation graph one must resort to approximate optimization
methods. One widely used approximation search scheme is
based on belief propagation (BP). BP has been used to de-
tect hand gestures [7] and body part con�gurations [3, 13].
Though guaranteed to converge if the part relation graph is a
tree, for a general graph, BP is not guaranteed to converge at
all [12]. Sampling methods, such as MCMC, have also been
applied to both upper body [9] and full body [8] pose esti-
mation, and have been widely used in tracking articulated
objects [10]. These methods have the advantage of �nd-
ing multiple feasible solutions, but stochastic search usually
converges much more slowly than deterministic schemes.

One would like a deterministic method of pose estima-
tion that is not only ef�cient, but achieves the global opti-
mum. Mathematical programming holds promise. Integer
quadratic programming [11] has been proposed for optimiz-
ing body part con�guration. The formulation permits arbi-
trary constraints between any pair of body parts, which re-
sults in a general relation graph. Direct optimization is too
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expensive, but a linear relaxation can obtain a lower bound
on the original NP-hard problem. The bound is not tight,
however, and a greedy rounding step is still required.

In this paper, we follow the strategy of part detection and
assembly for body pose estimation, and propose a different
approach for optimizing the pose search. Instead of try-
ing to solve an arbitrary topology part relation graph prob-
lem, we restrict the relations between body parts to a class
of augmented tree graphs that contain two kinds of edges:
Strong (tree) edges corresponding to the body plan that can
enforce any type of constraint, and weak (non-tree) edges
that are used for expressingexclusion constraintsthat arise
from inter-part occlusion and symmetry conditions. This
model is capable of adding many expressive constraints be-
tween body parts, and at the same time permits an ef�cient
search. The optimization is formulated as a constrained
multiple shortest path problem, which may be expressed as
an integer linear program and solved deterministically using
a novel two-stage relaxation method. Experiments con�rm
that the proposed method has a detection error rate nearly
equal to the fully integer program solution, but at a fraction
of the computational cost.

Even though many different approaches have been pro-
posed for body pose estimation, there are few practical
methods available for optimizing part assembly. The con-
tribution of this paper is an expressive non-tree model com-
bined with an ef�cient mathematical programming solution
for the problem of localizing the parts of an articulated ob-
ject. We augment the body part graph from a tree struc-
ture in order to add the constraints necessary for detecting
a correctly articulated con�guration, while inheriting com-
putational ef�ciency from the model's tree-structured back-
bone. The proposed relaxation scheme is tighter than previ-
ous fully linear relaxation schemes, and yields an ef�cient
solution. Our method does not need a pre-segmentation pro-
cess, and because it is a global search it does not require
initialization.

The outline of the paper is as follows.x2 presents
the pose model, the transformation to a multiple shortest
paths problem, and the proposed optimization method.x3
presents detection examples, as well as an empirical evalu-
ation of the proposed model and optimization method. We
conclude inx4.

2. Pose Model and Optimization

We model an articulated body con�guration as an aug-
mented tree relation graph on the body parts. The graph
containsstrong edges, which form a tree, andweak edges,
which are the non-tree edges. We can enforce any constraint
between parts connected by strong edges. At the same time,
certain parts are further constrained using weak edges. The
constraints enforced by weak edges are very general exclu-
sion constraints that cause two part candidates to exclude
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Figure 1. Generic articulated object graph model. Solid lines de-
note strong edges, which form a tree and encode arbitrary con-
straints. Dashed lines denoteweak edges, which have no topolog-
ical restrictions but can encode only exclusion constraints.
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Figure 2. Human body graph model. Partsa andb form the arms;
partsc andd the legs. The root part is the torso. Weak edges in this
model may be used to enforce positional exclusion (i.e. occlusion),
symmetry of position, symmetry of appearance, etc. Although the
strong edges form a star graph in this model, the methods of this
paper apply also when the strong edges form a general tree.

one another from a con�guration; this mechanism is useful
for implementing a variety of con�gural constraints. Opti-
mizing the body part con�guration embedded in the graph
is formulated as an integer linear program and solved with
a two-stage search scheme. Each of these elements of our
model is elaborated below.

2.1. Part Detectors
The focus of this paper is optimizing body con�guration,

even when using a sub-optimal part detector that generates
a very large number of false positives. We use simple bi-
nary part templates with Chamfer matching; low threshold
Canny edges provide image boundary evidence. The torso
template is extracted manually from one exemplar image;
all other part templates consist simply of two parallel lines
that denote the boundaries of the part on each side of its
main symmetry axis. For each frame, we keep the top 10
torso candidates and the top 300 candidates for each other
part. These part detectors are not selective; in this regime,
which is typical, it is crucial to have a nearly globally opti-
mal body part assembly method.

2.2. Part Model for Articulated Objects
The generic structure of our non-tree graph model is

shown in Fig. 1. The root node of the graph denotes the root
part of an articulated structure. The solidstrong edgesform
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Figure 3. The multi-trellis graph structure generated fromthe body
graph model in Fig. 2. Each linear structure in the graph generates
a trellis. Each column in the trellis corresponds to a part; note that
every trellis contains root part nodes. White round nodes corre-
spond to part hypothesis generated by the part detectors; square
nodes represent the occlusion state. The directed (solid) intra-
trellis edges are generated by strong model edges; the undirected
dashed inter-trellis arcs represent constraints introduced by weak
model edges; the undirected dotted inter-trellis arcs set up the sin-
gle root part constraint. Body con�gurations correspond topaths
through the solid edges on trellises from the source (s) nodes to
the sink (t) nodes; one such path is shown in bold. The constraint
arcs ensure that the body con�guration is admissible.

a tree, and may enforce any constraint between connected
parts. The dashedweak edgescan be used in our model to
enforce expressiveexclusion constraintsbetween any two
parts. The connection pattern of the weak edges is not con-
strained. Fig. 2 illustrates an example human body model,
in which partsa andb are the arms and partsc andd the
legs. The strong edges enforce the basic topology, while the
weak edges permit occlusion reasoning and enforce sym-
metry of location and appearance. This augmented tree re-
lation graph is simpler than a general graph model because
the weak edges can only enforce certain constraints. The
proposed model greatly simpli�es the optimization problem
while at the same time has enough expressive power to en-
force a correct body con�guration.

2.3. Multi­Trellis Transformation
The pose search problem is to �nd the optimal assign-

ment of parts in the model graph to part candidates in the
image. In this section, we transform the model graph into a
multi-trellis structure based on how the optimization prob-
lem is formulated. Fig. 3 shows the multiple trellises for

the human body part model illustrated in Fig. 2. We build a
trellis for each linear structure emanating from the root part.
The four trellises in Fig. 3 correspond to the arms and legs.
Each column in a trellis corresponds to a single part in the
original model. Since each linear structure starts at the root
part, the root part appears in the �rst column of each trellis.
The round nodes in the trellises correspond to the body part
candidates provided by the part detectors. The square nodes
correspond to the occlusion state for the part in that column.
For each trellis, we also insert source nodes and sink nodes.
These nodes do not correspond to body part states, and are
simply anchors for the shortest path computations.

Directed edges are introduced between part candidate
nodes corresponding to body parts connected by strong
edges in the model. These solid intra-trellis edges are
weighted according to the cost of the corresponding pair-
wise part con�guration (seex2.4). There are two types of
inter-trellis constraint arcs. The dottedcoexistencearcs be-
tween edges emanating from the source nodes simply en-
force that the �rst edge in each path passes through the
same root part candidate (so that the arms and legs are all
connected to the same torso). The dashed inter-trellisexclu-
sionarcs are generated from weak model edges; they trans-
late the exclusion constraints between model parts into con-
straints among trellis nodes and arcs (seex2.5). These arcs
operate by permitting at most one of the connected edges
or nodes to be used in the paths through the trellises. Each
possible body part con�guration therefore corresponds to
a directed path linking a sequence of root and body part
nodes from source to sink in each trellis; a good con�gura-
tion additionally complies with the inter-trellis arc and node
constraints.

The exclusion constraint arcs are used for various pur-
poses. Part candidates that overlap in space produce an arc
between trellis nodes, so that only one may accept a body
part. Part candidates that do not satisfy positional symme-
try constraints (e.g. hip joint positions relative to the torso)
produce an arc between trellis edges so that only appropri-
ately symmetric con�gurations are admitted. Part candi-
dates that differ signi�cantly in color produce an arc be-
tween trellis nodes so that only con�gurations with sym-
metric appearance are admitted. Paths through the trellises
that honor these exclusion arcs therefore correspond to fea-
sible whole body con�gurations. Because the solid edges
are weighted according to their local con�gural �tness, and
the constraint arcs enforce non-local con�gural constraints,
�nding the shortest “exclusive” paths through the trellises
corresponds to �nding the optimal body con�guration.

2.4. Intra­Trellis Edges (Body Plan)
Denote the node in trellisk corresponding to candidate

m of part i as vk;i;m . Let r denote the root part, so that
nodes corresponding to root part candidates are denoted as
vk;r;m . The arc from nodevk;i;m to nodevk;j;n is denoted
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as(vk;i;m ; vk;j;n ). De�ne the weight on arc(vk;i;m ,vk;j;n )
as:

wk;i;m;j;n =

8
>>><

>>>:

� 1 + � 2 ; if vk;j;n is sink or occlusion node

cj;n + � 2 ; if vk;i;m is source or occlusion node

cj;n + �d (p i;m ; p j;n )

+ � (1 � cos(� i;m � � j;n )) ; otherwise

wherecj;n is the cost of assigning candidaten to part j ;
d(p i;m ; p j;n ) is the distance between the end point of part
i 's mth candidate and the starting point of partj 's nth can-
didate; and1� cos(� i;m � � j;n ) is the orientation difference
between the two part candidates.� and� are constants. The
lower the edge weight, the better the local con�guration of
the two body part candidates. A local con�guration is good
if the parts connect and line up. To reduce complexity, we
also remove edges between nodes if the distances of the cor-
responding part candidates are above threshold.

Any body part except for the root part may also be oc-
cluded, corresponding to the �rst two cases in the equation.
� 1 is a constant chosen to be between typical good and bad
candidate assignment costs;� 2 is another constant to com-
pensate for typical distance and angle costs.

2.5. Inter­Trellis Arcs (Coexistence and Exclusion)

Inter-trellis arcs express constraints on the multi-paths
through the trellises. When an inter-trellis arc connects a
pair of trellis edges or a pair of trellis nodes, the paths must
pass through both (coexistence) or at most one (exclusion)
of the pair. This mechanism is very �exible, and can be used
to enforce a variety of con�gural rules.

2.5.1 Common root candidate constraint

The �rst constraint is that each linear body part structure
must use the same root body part candidate. Therefore, if
we select a candidatem for the root partr in trellis k (so
that we are using arc(sk ; vk;r;m ), then we must use that
same root candidatem in every trellis. In other words, arc
(sk ; vk;r;m ) must share the same status with the correspond-
ing arc(s�k ; v�k;r;m ) in each other trellis (�k 6= k).

2.5.2 Spatial position exclusion constraint

This constraint prohibits different body parts from occupy-
ing the same spatial location. This is accomplished by hav-
ing each part exclude all other parts that con�ict with it spa-
tially. Fig. 4 illustrates the manner in which we determine
spatial con�ict. If all of the distancesd1, d2, andl are under
threshold, candidaten of part j con�icts with candidatem
of part i ; they will then be excluded from appearing in the
same whole body con�guration. For nodevk;i;m , de�ne its
con�ict set asA(vk;i;m ). If part i selects candidatem (and
so vk;i;m is on the shortest path in its trellis), no node in
A(vk;i;m ) can be on any other path.

d1

d2

l

Candidate n for part j

Candidate m for part i

Figure 4. Two parts con�ict if they they overlap suf�ciently. d1

andd2 are the orthogonal distances between one parts' endpoints
and the other part;l is the distance between the part centers. If all
of these three distances are under threshold, the parts con�ict. In
the multi-trellis graph, this constraint corresponds to anexclusion
between two nodes in different trellises.

2.5.3 Symmetry of appearance exclusion constraint

Just as parts may exclude one another on the basis of spatial
position, they may also exclude one another on the basis of
appearance. For example, to constrain the two upper arms
to have similar appearance, we may add exclusion arcs be-
tween any two upper arm part candidates (in different trel-
lises) that have suf�ciently divergent appearance. Similarly
of appearance is given by the SSD between parts in RGB
when sub-sampled to5� 2 pixels. Symmetry of appearance
is enforced between all symmetric body parts. The con�ict
setA for each trellis node is augmented accordingly.

2.5.4 Symmetry of position exclusion constraint

The trick of exclusion can also be used to express symme-
try conditions between triples of body parts. For example,
the two hip joints should be placed symmetrically about
the lower end of the torso, and likewise for the shoulder
joints. Figure 5 illustrates the situation. Consider candidate
l for torso partr and candidatem for left upper arm part
i . Let n andq be two candidates for right upper arm part
j . In this example, candidateq would be excluded from
coexisting with partsl andi because its starting point does
not fall inside the gray circle denoting the target area for
symmetric alignment with parti about partl . This is en-
coded by adding an exclusion arc between the two trellis
edges(vk;r;l ; vk;i;m ) and(vh;r;l ; vh;j;q ), wherek andh cor-
respond to the two upper limbs. Denote the con�ict edge
set of edge(vk;r;l ; vk;i;m ) asB(vk;r;l ; vk;i;m ).

2.6. Integer Program and Solution Method

Searching for the shortest paths that comply with the
aforementioned coexistence and exclusion constraints is a
hard combinatorial search problem which has as many as
N r (N1 + 1)( N2 + 1)( N3 + 1) :::(Nm + 1) possible con-
�gurations, whereN r is the number of root parts andNn ,
n = 1 ::m; is the number of candidates for partn. In this
section, we formulate an ef�cient solution to this problem.

The multiple path optimization problem can be formu-
lated as an integer linear program. We de�ne binary vari-
ables� k;i;m;j;n : If part i chooses candidatem and part
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Candidate m
for part iCandidate n

for part j

Candidate q
for part j

Root part 
candidate l

Region of acceptable starting point
for part j if i chooses candidate m

Figure 5. Two parts con�ict if their starting points are not placed
symmetrically with respect to a third part. For example, we may
wish to place the shoulders symmetrically about the top of the
torso. In this example, candidatesm and q con�ict when l is
the root part candidate, but candidatesm and n do not. In the
multi-trellis graph, this constraint corresponds to an exclusion arc
between two edges in different trellises.

j chooses candidaten in trellis k, then � k;i;m;j;n equals
1; otherwise it equals 0. In other words,� k;i;m;j;n indi-
cates whether the arc(vk;i;m ; vk;j;n ) is used in a path. Let
� k;s; 0;r;n denote the arc between the source node of trellisk
and thenth candidate of root partr . Let wk;i;m;j;n be the
arc weight, as de�ned inx2.4. LetV be the set of trellis
nodes not including the source and sink nodes,O the set of
occlusion nodes,E the set of strong trellis edges, andL i

the candidate state label set for parti . The integer linear
program can be written as:

min

8
<

:

X

(vk;i;m ;v k;j;n )2 E

wk;i;m;j;n � � k;i;m;j;n

9
=

;

subject tocommon root node constraintsto ensure that each
trellis uses the same single root candidate:

� 0;s; 0;r;n = � k;s; 0;r;n ; 8(vk;s; 0; vk;r;n ) 2 E:

subject tospatial position exclusion constraintsto ensure
that parts don't overlap andsymmetry of appearance exclu-
sion constraintsto enforce consistent appearance:

� k;j;n + � h;i;m � 1; 8vk;j;n 2 V nO; 8vh;i;m 2 A (vk;j;n )

where� k;j;n =
X

m 2 L i

� k;i;m;j;n

(binary variable� k;j;n indicates whether partj uses can-
didaten); subject tosymmetry of position exclusion con-
straints to ensure that con�gurations are biomechanically
plausible:

� k;r;m;i;n + � h;r;m;j;q � 1;

8(vk;r;m ; vk;i;n ) 2 E andvk;i;n =2 O

8(vh;r;m ; vh;j;q ) 2 B(vk;r;m ; vk;i;n )

and subject to�ow constraints to ensure there is a single

unit �ow path through each trellis:
X

m 2 L r

� 0;s; 0;r;m = 1 :

X

m 2 L i

� k;i;m;j;n =
X

q2 L p

� k;j;n;p;q ; 8vk;j;n 2 V

Directly solving the integer linear program is not ef�-
cient, so we propose a 2-stage relaxation scheme. At the
�rst stage, we solve a mixed integer linear program where
� variables linking source nodes to root parts remain inte-
ger, and all other variables are relaxed to non-negative real
values. We adopt a branch and bound approach to solve
this �rst stage program. The solution to the program with
all variables relaxed yields an initial root part candidatethat
corresponds to the largest value source-root edge variable.
We then solve two linear programs corresponding to that
variable set to 0 and 1. If the 0-program solution is worse
than the 1-program solution, then we are sure that the opti-
mum must be the solution of the 1-program. Otherwise, we
set the variable to 0 in a new linear program to �nd the next
root part candidate, and solve two more linear programs for
the two possible values of that variable. This is repeated un-
til one 1-branch has the lowest optimal value. In practice,
the optimal solution is found in just a few iterations.

The �rst stage solution does not guarantee integer values
for non-root edges; the integer program is still too large to
solve directly, and rounding does not work well. However,
the �rst stage optimization does set many variables to zero:
If we discard all such variables, the residual integer program
is small enough to be solved directly using a similar branch
and bound scheme to that described above.

3. Results
Fig. 6 illustrates the proposed method.1 Panels (b)-(f)

show the body part detection results. Using the proposed
solution method, the linear program has 23,148 variables
and 7,393 constraints and converges in less than 2 seconds.
The �rst relaxation solution is shown in panel (g), and the
�nal solution is shown in panel (h). In this example, the 2-
stage relaxation �nds the global optimum. Panel (i) shows
the result of using dynamic programming (DP) to optimize
a tree model consisting of just the strong edges in our graph
model. Since DP does not permit coupling between body
parts not adjacent in the tree, it always detects both arms and
both legs at the same locations; in this example, it also de-
tects the legs incorrectly. With spatial exclusion constraints,
the proposed method prefers to �nd two unoccluded legs
when the image evidence supports that hypothesis. Sequen-
tial DP is the typical manner in which to “�x” DP so that it
may �nd both arms and both legs; however, when the �rst
stage of DP makes a mistake as in this example, sequential

1Please note that the �gures in this paper are best viewed in color.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 6. Body part detection example and comparison with dy-
namic programming (DP). Panel (a) shows the input image. Pan-
els (b-f) show detections of (b) torso, (c) upper arm, (d) lower
arm, (e) upper leg, and (f) lower leg. Panel (g) shows the con�g-
uration after the �rst relaxation, and (h) shows the �nal result of
the proposed method. Panel (i) shows the DP result, which does
not include any exclusion constraints; seex3 for discussion. In all
panels, the rectangular parts are depicted using their mainsymme-
try axis; line intensity indicates the part match score (b-f) or edge
variable value (g), where darker denotes smaller.

DP cannot improve the result. Fig. 7 shows another compar-
ison with DP where the proposed method models occlusion
more effectively, and where sequential DP would not help.

3.1. Evaluation and Discussion
We evaluate the proposed method on three challenging

image sequences:Ballet, Man, andFitness. Frames from
these sequences are depicted in Figs. 10, 11, and 12. All
three sequences suffer from low contrast, complex body
part motions, and frequent occlusion between body parts.
The Man sequence challenges the part model with baggy
clothing; theFitnesssequence is the most dif�cult, adding
interlacing effects and increased background clutter.

The bars labeledProposedin Fig. 8 show the error rates
for pose detection in these sequences for the proposed algo-
rithm. The error for a frame is simply the number of missed
or incorrect visible parts; we do not require that occluded
parts be detected. The bar segments in the �gure show the
proportion of frames withn errors, so the �rst (zero) seg-
ment gives the overall success rate.

Although the error rates for the proposed algorithm are

(a) (b) (c)

Figure 7. A second example and comparison with DP. Panel (a)
shows the input image, panel (b) the result of the proposed method,
and panel (c) the DP result. The proposed method correctly iden-
ti�es a complete left leg and an occluded lower right leg, while DP
greedily constructs an incorrect leg.

low, one would like to know whether a signi�cant num-
ber of errors is introduced by the proposed 2-stage relax-
ation method, or if the errors are intrinsic to limitations
of the model or formulation. The proposed algorithm is
an approximation to an integer program. The bars labeled
Int. Prog. in Fig. 8 show the error rates for the full integer
program using the same model. We see that the increase
in error rate due to the relaxation is minimal. In addition, if
we compare the solutions found by the two methods numer-
ically, we �nd that the proposed method achieves the global
optimum in 92% of the frames in theBallet andMan se-
quences, and in 56% of the frames in theFitnesssequence.

Although the proposed two-stage relaxation method
achieves error rates comparable to the full integer program,
one might ask if a simpler relaxation method would work
equally well. The bars labeledRoundin Fig. 8 show the
error rates for a simple rounding scheme. Again using the
same parts and model as in the proposed method, in this
case we solve the fully relaxed linear program, and simply
select the maximum weight candidate for each part. The
performance of this rounding algorithm is dismal, indicat-
ing that a good optimization method is, indeed, critical for
these sorts of pose models.

The proposed two-stage relaxation method is able to
achieve both low error and low computational cost. Figs. 9
and 10 show why this is the case. Fig. 9 shows the detection
result after the �rst stage on theBallet sequence. This �rst
stage solves a somewhat relaxed mixed integer program that
is used to nail down the root (torso) part in a location where
plausible arms and legs may be found. In this step, only the
torso receives a permanent label whereas other body parts
receive labels with fractional con�dence. Only non-zero
con�dence part candidates are drawn in the �gure, show-
ing that most of the part candidates (� variables) vanish in
the �rst stage. The second stage integer program is there-
fore much reduced in size, which is the origin of the good
computational performance of the proposed method. The
�nal detection results for these same frames are shown in
Fig. 10.

We also evaluate the performance gained by expanding

6



0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Int. Prog.

Proposed

Seq. DP

Round

Ballet Sequence Errors

 

 
0 1 2 3 4 >4

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Int. Prog.

Proposed

Seq. DP

Round

Man Sequence Errors

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Int. Prog.

Proposed

Seq. DP

Round

Fitness Sequence Errors

Figure 8. Detection error rates for three image sequences us-
ing four different optimization methods: integer programming
(Int. Prog.), the proposed method of this paper (Proposed), se-
quential dynamic programming (Seq. DP), and direct rounding
(Round). The bars show the fraction of frames with N errors; each
missed or incorrect part is counted as one error. The proposed
method achieves error rates comparable to the full integer program
at about 10% the computational expense. In addition, the pro-
posed method signi�cantly outperforms sequential dynamicpro-
gramming, which in turn outperforms direct rounding. The vari-
ous exclusion constraints that the proposed method introduces into
the pose model are the critical difference between it and sequen-
tial DP. Figs. 10, 11, and 12 show estimated poses for individual
frames from these sequences. Seex3.1 for discussion.

the model with non-tree edges, which enables us to en-
code additional non-local pose constraints. The bars la-
beledSeq. DPin Fig. 8 show the error rates for sequen-
tial dynamic programming. By simply removing all weak
edges from our model, what remains is a tree model that
is amenable to fast optimization via dynamic programming.
Since a single application of DP will not detect more than
one leg or arm, we remove parts that intersect the detected
arms and legs, and run DP a second time. This is the se-
quential DP algorithm. The �gure shows a precipitous drop
in performance between the proposed model and sequential
DP. The essential difference between the two models is that
our model includes various exclusion and symmetry con-
straints between parts that the tree-based DP model cannot
encode. These constraints not only permit occlusion rea-
soning, but also constrain the search to physically plausible
poses.

4. Conclusion
We propose an ef�cient body pose estimation method

based on a non-tree graph model and relaxed convex pro-
gramming. This model can be used to explicitly express oc-
clusion constraints and body part symmetry constraints that
cannot be expressed in a tree-structured body part relation
model. Experiments show that the proposed scheme can

Figure 9. Estimated pose from selected frames of theBallet se-
quence after the �rst relaxation stage of the proposed method.

Figure 10. Estimated pose from selected frames of the 124 frame
Ballet sequence using the proposed two-stage relaxation method.

ef�ciently detect the body parts of articulated objects with
low error rates. Especially when clutter and occlusion are
present, this new method signi�cantly outperforms sequen-
tial dynamic programming at single-frame pose estimation.
The proposed optimization scheme is generic, and could be
used with more sophisticated part detectors to further im-
prove pose estimation for articulated objects.
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