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Abstract

This paper proposes contour-based features for artic-
ulated pose estimation. Most of recent methods are de-
signed using tree-structured model s with appearance evalu-
ation only within the region of each part. While these mod-
els allow us to speed up global optimization in localizing
the whole parts, useful appearance cues between neighbor-
ing parts are missing. Our work focuses on how to evalu-
ate parts connectivity using contour cues. Unlike previous
works, we locally eval uate parts connectivity only along the
orientation between neighboring parts within where they
overlap. This adaptive localization of the features is re-
quired for suppressing bad effects due to nuisance edges
such as those of background clutter and clothing textures,
aswell as for reducing computational cost. Discriminative
training of the contour features improves estimation accu-
racy more. Experimental results verify the effectiveness of
our contour-based features.

1. Introduction

Articulated pose estimation in single imagesis presented
in this paper. A number of recent methods employ pictorial
structure model[ 8]. The models allow us to efficiently ac-
quire a globally optimized geometric configuration of the
whole parts of atarget object (e.g. human body) in an im-
age. The optimization is achieved so that the summation of
the following scores is maximized:

L ocal appearance similarity of apart: The local appear-
ance score of each part grows as its appearance cues
are more similar to those at each location in an image.

Relative consistency between parts: The more probable
the geometric configuration of apair of parts, the rela
tive consistency score gets higher.

Whilethe pictorial structuresare successful, they impose
two severe limitations on their structures and score func-
tionsfor efficient score computation. 1) The structure of the
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Figure 1. (Left) Typical estimation error with no appearance cues
between neighboring parts. The left arm was located erroneously
in a background, even though its contour was observed and con-
nected to that of the torso (an upper red circle in the Middle).

(Right) Effect of discriminatively trained local contour features
between neighboring parts, which is a contribution of this paper.

model must be a tree with no loops, where relative consis-
tency only between neighboring partsis evaluated. Thetree
structure alows dynamic programming to efficiently and
globally optimize the locations of al parts. 2) The pairwise
score between the neighboring parts must be a quadratic
function. In previous works, this limitation is satisfied so
that only the cost of relative geometric deformationis evalu-
ated with no appearance cues. With thislimitation, distance
transform can efficiently compute the max score among all
possible locations of the neighboring parts.

Those limitations in the pictoria structure models cause
the following problems. One of common problemsis diffi-
culty in good appearance cuesfor an individual part because
the similarity score function must be generalized for a huge
variety of the part appearance. The other problem is weak
localization of neighboring parts only by the limitation in
their deformable range. For example, human body parts are
widely deformable (e.g. upper arms spin 360 degreeswhile
they are connected to a torso).

To solve those problems, this paper proposes a scheme
for evaluating appearance cues not only within each part
but also between neighboring parts. We focus on how to
evaluate parts connectivity using edge contours (Fig. 1).
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Figure 2. (Left) Tree-based articulated model for human pose esti-
mation. Rectangles and dotted line segments depict nodes of their
respective parts and links between them. One of the nodes is re-
garded asaroot node; mainly head or torso nodes in ahuman body
model. Each node has the pose parameters of the respective part
(e.g. z-y locations, orientation 6, and size s). (Right) Examples of
HOG featureq[ 5], each of which isused asthe appearance template
of the respective part. The HOG features are evaluated within the
rectangles.

Our contribution is twofold: 1) contour features are
trained discriminatively, and 2) they are evaluated locally
just between neighboring parts for suppressing bad effects
by nuisance edges and the rise in computational cost.

Our effective use of contour cues improves pose estima-
tion accuracy, while the computational cost of the estima-
tion processincreases at most 4 times of the base model[ 31].
With a people image dataset[ 19], our method outperforms
the base model[31] using the pictoria structure models in
the correctly localized percentages of all body parts.

2. Related Work

Two main research issues exist in pose estimation,
namely an articulated model representation and a image
feature representation.

Articulated models are represented by graphical mod-
els, in general. In the graphical models, each node and link
corresponds to a part and a physical connection between
parts as illustrated in Fig. 2 (Left). Among al possible
model s, tree-based model 5[ 21], including pictorial structure
model g &], are widely used because of their ability to repre-
sent a variety of shape structures and simplicity for obtain-
ing optimal part locations.

Complex graphical models with loopg 3, 30] can im-
prove estimation accuracy and stability against background
clutter. More links are more useful as proposed in [ 28, 13].
A known problem in those models is difficulty in acquir-
ing optimal solutions because dynamic programming isin-
applicable. Instead of by dynamic programming, optimal
solutionsin the complex models are acquired by other tech-
niques; shortest path search[ 11], particle filtering and belief
propagation[ 10, 26], integer quadratic programming[ 20],
RANSAC[ 15], approximate search[ 28], and decomposition
to simpler graphg 13].

Image featur es are fundamental issues not only in pose
estimation but also in many computer vision and pattern

recognition problems. For pose estimation of general ob-
jects, the image features should be generalized for repre-
senting a huge variety of part appearances, which are ob-
served by different clothing and habitusin human pose es-
timation, for example. Such generalized features can be
realized by binning/histogram-based representations (e.g.
using shape contexts[ 17], histogram of oriented gradients
(HOG)[7, 31]. Figure 2 (Right) shows the HOG tem-
plates of several human body parts. To maintain discrim-
inativity as well as generality, the features of each part
in training data are divided into several clusters and then
trained individually (e.g. clustering based on 2D parts
configurationg[ 12, 31] and 3D parts configurations 4]). Us-
ing multimodal cues is also an effective approach (e.g. su-
perpixels, color and size[ 18], edges and color-segmented
regiong] 19], and contours, gradients, and color[ 22]). Recent
advances have proven that discriminative training of part
appearance can improve part distinguishability[ 21, 7, 1].

While many complex graphical models and multimodal
image cues have been developed as described above, only
a simple geometric deformation cue is given to the links of
the models for evaluating parts connectivity. That is, few
works have considered more complex but useful features
for the links in the model. We focus on how to employ and
optimize image features (i.e. contours, in this paper) for
imposing useful constraints on the links so that neighboring
parts are connected correctly.

Evaluating appearance cues between parts causes
the rise in computational cost because distance trans-
form cannot be employed in pictorial structure mod-
els. However, many approaches enable speeding up
pose estimation; using lower-dimensiona but discrimina-
tive descriptorg| 6], cascade] 22]/hierarchical[ 32] modelsfor
coarse-to-fine search, and search space reduction based on
person detectorg[9, 7] and branch-and-bound pruning[ 24,
27.

3. Pictorial Structure Models

This section describes basic tree-based articulated part
models. A treeis defined by a set of nodes, V', and a set of
links each of which connect two nodes, E. In this paper, a
human body model is used for human pose estimation. Fig-
ure 2 (Left) isits example. Each node has pose parameters
that localize the respective part. By optimizing the pose pa-
rametersin accordancewith ahuman posein animage, pose
estimation is achieved. The pose parameters are optimized
by maximizing the score function below:
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where p, and P denote a set of the pose parameters of i-th
part and a set of p, of dl parts (i.e. P = {p,|Vi € V}).



S'(p;) and P"I(p;, p;), which are prepared for each part i
and pair of neighboring parts: and j, explained below.

A unary term S(p,) is a similarity score of i-th part at
p;. Thisterm dependsonly onlocal appearanceat p,. Inour
model, S¢(p,) isthefilter response using HOG features| 5],
each of which consists of 5 x 5 cellsand 18 orientation bins:
where I and ¢(I, p,) denote the filter of i-th part and the
HOG extracted from p, inimage I.

A pairwise term P*/(p;,p;) is a spring-based score
function between i-th and j-th parts, which has a greater
valueif the configuration p; and p; is highly probable.

In the tree-based model[ 8], the globally optimized pose
parameters, P, can be acquired efficiently by dynamic pro-
grammingin O(1%n), where! isthe discrete number of pos-
siblevaluesin p,. Dynamic programming acquires the max
score of (1) by passing the following message from every
leaf node, 4, to its parent node, j, recursively toward a root

node:
M(i,j) = Z M(e,i)
(EC,

where C; includes al children of i. If the pairwise term re-
lies on no image cues but only on relative geometric defor-
mation between i and j, distance transform[ 8] is applicable
to fast maximization of (3); its computational cost is re-
duced from O(1?) to O(1). In this formulation, P*/ (p;, p;)
consists only of the deformation score, D"/ (p;, p;):

Pi?j(pmpj) = Di’j(Pmpj) 4
In our model, Di’j(pi,pj)[?)l] is expressed as follows;
Di?j(piapj)

w™ - [x;

Si(p )—i—P” P, p;) +

— whi 'd)(pﬂpj) =
_xja(xi_xj)Qayi_ij(yZ ) ] (5)
where w®J denotes aweighted parameter, and (z;, y;) € p;
and (z;,y;) € p; arethelocations of i-th and j-th parts.

The parent j collects the messages from its all children
and passes the message to its parent recursively towards a
root node.

After al messages are passed recursively toward the
root, the pose parameters of the root, p,.,,,, IS determined
so that the following score is maximized:

Z M (e, root) (6)
CECrout

The pose parameters of children, which maximize (1), are
then determined by backtracking the tree downward.

For pose estimation described above, Si(p,) and
P"i(p;,p;) must be trained properly. This training is
achieved in advance by using training data where the
ground-truth of the configurations of all partsis given. The
details of the training step are described in Sec. 5.
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Figure 3. Contour extraction via segmentation by quick shift[29].
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4. Parts Connectivity with Discriminatively
Trained Local Oriented Contours

The goal of this work is to embed a contour-based
score into a pairwise term, P*/(p;, p;). Contour features
are used less often for representing parts connectivity[ 20,
25, 22]. Existing contour-based methods for connecting
parts have the following problems. First, features are de-
termined based on heuristics, such as parallelism of limb
contourg[ 20, 22], with no training data. Second, smooth
and long contours are assumed. The length of only smooth
and long contours is counted in [22]. As well as the con-
tours, the length of small gaps between them and an an-
gle between bending contours are also regarded as cues in
[20]. Entire perimeters of neighboring parts should be ex-
tracted in [25]. These heuristics, the assumption of long
and smooth contours, and naive thresholding are sensitive
to noise and complicated textures.

Our method solves those problems by the ideas below:

Discriminativetraining: As with appearance training in
each part[21, 7, 1], discriminative training with pos-
itive and negative samples is employed for contour
learning between neighboring parts. This training re-
lieves us from naive thresholding while discriminativ-
ity isimproved.

Efficient local contours. Unlike the previous workg] 20,
25, 22], local but informative contours between neigh-
boring parts are evaluated. A local region for evalu-
ation is adaptively determined depending on the rela-
tive location of the neighboring parts. The motivation
of local evaluation is twofold; to suppress bad effects
due to peripheral edges and to reduce computational
cost. This adaptive evaluation is the difference aso
from existing discriminative training methods for each
part’s appearance, because those methods are achieved
with predefined parameters (e.g. a predefined region
size and/or any directed contours).

For contour extraction, we tested normalized cutg] 23],
hierarchical segmentation from globalPb[2], and super-
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(a) Contour image
Figure 4. Selection of contours for evaluating parts connectivity.
Contours in the overlap between neighboring parts are evaluated.

(b) Partially magnified images

pixelization techniques[ 14, 16]. The extracted contours
should be located on object boundaries with less over-
segmentation. It is better that the contours are computed
efficiently. For these requirements, we used quick shift[ 29]
(Fig. 3) with the default parameters of its public code.

As described above, our contour-based cues are evalu-
ated in accordance with the relative configuration of the
rectangles of neighboring parts. More specifically, the con-
tour cues are extracted from an overlap between two rect-
angles in a contour image. This is because the strongest
cues that represent continuous contours between the parts
should be located in where the parts are connected, namely
in the overlap, as illustrated in Fig. 4. If longer contours
are evaluated beyond the overlap, nuisance edges of other
objects and textures might be confused with the contours of
the parts of interest. Our strategy is to improve pose estima-
tion accuracy by efficiently employing additional cues (i.e.
contour cues between the neighboring parts) with less bad
effects. Note that the rectangles of the parts should be rel-
atively large so that they have overlaps between the neigh-
boring parts. For more aggressively extracting contourscor-
responding the boundary lines of the neighboring parts, we
extract contours only that connect the borders of two rect-
anglesin the overlap region; those encircled with orangein
Fig. 4 (b) are removed from our contour features.

The orientation of the contour featuresis also limited in
our model. A dominant orientation a ong which the bound-
aries of neighboring parts are drawn might be similar to the
orientation between child and parent parts. A typical exam-
pleis observed where upper and lower limbs are oriented in
line. Evenif the child and parent parts are oriented differ-
ently (Fig. 5), a portion of the contours are oriented to the
dominant orientation around a certain region with respect
to the parts' locations. That dominant orientation is deter-
mined so that it is along two joint positions each of which
islocated in the child or parent parts. Thejoint is given to
wherever a part connects to another. Depending on the tree
structure of the articulated model, each part has different

Weighted bins
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Figure 5. Weighting contour features along the dominant orienta-
tion, which is from the child to the parent. Contour points each of
whose tangent is toward the dominant orientation are left, while
contours oriented to different angles are suppressed. The orien-
tation bins show the weights for this suppression; darker bins are
less weighted, where contour points are suppressed strongly. Gray
pixelsin the overlap show the results of this weighting.

number of joints. In an example illustrated in Fig. 2, the
head and torso have one and five joints, respectively. In our
experiments, all joint positions were given manually*

For strongly evaluating contours a ong the dominant ori-
entation, atangent at each point along the contoursis com-
puted and clustered to orientation bins, which areillustrated
in the middle of Fig. 5. The bins are weighted so that they
are less weighted as their angle from the dominant orien-
tation gets larger. Each contour point is weighted by the
weight of the bin to which it is clustered. By this weighting
process, contour points each of whose tangent is different
from the dominant orientation are suppressed as shown in
theright-handimage of Fig. 5. Theweighted contour points
are regarded as contour features, which are non-oriented
features unlike HOG features; for example, in a window
consisting of 5 x 5 cells, our contour featureisa (5 x 5)-D
vector, while HOG isa (5 x 5 x N°)-D vector, where N°©
denotes the number of orientation bins.

In our experiments, 18 orientation bins were employed,
and the weight of o-th bin, w(o), was given by Gaussian:
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w(0) = aexp (— (7)
where a,, and a, denote the o-th bin’s and dominant orien-
tations.

The score of the above contour features (denoted by
C"(p;,p;) for child i and parent j) is expressed by the
following form, aswith (2) and (5):

Ci’j(pi7pj) =G" v, py; py), ®)

where G* and v(I, p,, p;) denote thefilter between i-th and
j-th partsand the contour features extracted from their over-
lap in image I, respectively. With score (8), the pairwise

10ne might determine the joint positions by using training data so that
they cross the overlap between the respective parts.



function (4) in our model is updated as follows:
P (p;,p;) = D" (p;py) + C (pisp;) (9

For realizing the score function (8), every contour feature
must be extracted from a fixed-size window. This window
is called a contour-evaluation window. It should contain
the overlap between i and j, which is a free-form shape as
illustrated by green polygonsin Fig. 4 and 5. In our model,
the contour-evaluation window is a rectangle whose center
islocated in the middle point between two joint positions of
1 and j. The size of the contour-evaluation window can be
predefined automatically based on training data; the details
of how to determine the size as well as how to optimize the
contour filter, G*7, are described in the next section.

5. Implementation Details
5.1. Articulated M odel

In our implementation, the articulated model is defined
based on a mixture of non-oriented structures proposed by
Yang and Ramanan[ 31]. In their model, each part i has its
x-y location and size parameter s as its parameters. Instead
of having an orientation parameter 6, the part model con-
sists of amixture of templates. Thetraining dataof i isclus-
tered depending on the relative location of ¢ with respect to
its parent part. Thisclustering isachieved by K-means. The
number of clusters in each part is determined empiricaly.
The number of the clusterswas 5 or 6 depending on the part
in our experiments in accordance with [ 31]. The ID of the
clustersiscalled atype.

Roughly speaking, type selection works in the same
manner with selecting 6 because the training data is clus-
tered in accordance with the relative orientation between
neighboring parts. In addition to this effect, the clustering
enables one more advantage. Each type (denoted by ¢; of
i-th part; t; € {1,---, K'}) has its own HOG-based ap-
pearance filter, F'*:, and observation probability, b%. This
individual modeling allows each type to specifically repre-
sent asubset of largely varying properties (e.g. F't and b*i)
of each part depending on its pose. Aswell asthe individ-
ual observation probability b'?, the co-occurrence probabil -
ity with atype of the parent j, b%i+*4, is also employed.

To make the mixture model work robustly to in-planero-
tation and foreshortening of limbs, the base model[ 31] di-
vides physically-rigid parts (e.g. limbs) into several smaller
parts. In accordance with the base model, 26 parts were
used in our implementation; 2 for the head, 4 for the torso,
10 for the shouldersto the hands, and 10 for the hips to the
feet. Each part is shaped like arectangle. Between those 26
parts, our model has 25 contour-eval uation windows.

The above definition of the parts has high affinity with
our contour-based features. The contours are evaluated
in the overlap between two rectangles of child and parent

° overlap

i square containing overlap
@ ® joint
Figure 6. Extraction of contour features between neighboring parts
in the mixture of non-oriented structureg[31]. In this model, all
parts are represented by the same-sized non-oriented rectangles.
With this part model, the overlap between the neighboring parts
can be expressed easily as a rectangle, which is aways contained
by a contour-evaluation window, whose sizeis equal to that of the
part rectangle, located in the middle position of the parts.

[ parent
,{ ° o O child

parts, as illustrated in Fig. 6. The overlap is always con-
tained by a contour-eval uation window, whose sizeis equal
to a part window, if the joint of each part is located in its
center. Figure 6 illustrates examples. In the base model[ 31],
the size of the part window is determined automatically
based on the length of partsin training data. By the same
rule, the sizes of the part and contour-eval uation windows,
which are equal, are determined also in our model.

Finally, the score function (1) is updated with (9), b,
and btts asfollows:

T(P) = Yb Y M+ Y S +

eV i,je eV
Z (Di’j(piapj) + CZ’J(pmp])) ’ (10)
i,je

wherep; = {z;,yi, si, ti}.
5.2. Discriminative Training

The goal of discriminative training is to optimize the
model parameters required for computing (10), namely b,
btti, Fin (2), w7 in(5), and G*7 in (8). For discrimina-
tive training, positive and negative examples are collected
from training images. Theimagesfor the positive examples
have the labeled parameters of each part, p,. With these pa-
rameters, the positive examples for training, ¢(I,p,) and
Y(p;,p;), are obtained. The negative examples are ran-
domly given from background images with no people.

Let 5 and ®(I, P) be a vector consisting of all model
parameters of all parts, which would be optimized, and a
vector got by concatenating the obtained examples. For es-
tablishing a linear classifier f3(I) = maxp - ®(/, P),
the following objective function is minimized:

SIBI7 + 7 3 max (0,1~ sfs(p)), (1)

where ~ denotes the weight of regularization, and z; is —1
or 1 if the i-th example is negative or positive, respectively.

We solve this objective function by quadratic program-
ming, as with the original workg[ 7, 31].
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Figure 7. Examples of the filters of discriminatively trained con-
tour features. Each filter consists of 5 x 5 cells, aswell asaHOG
filter. But unlike the HOG filter, the contour filter is non-oriented.
For visualization purpose, the magnitude of thefilter is depicted by
asegment slanted along the mean orientation between neighboring
partsin training data.
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6. Experiments

We tested our proposed model with the Image Parse
dataset[19], in which 305 pose-annotated images are in-
cluded and classified into 100 images for training and other
205 images for evaluation. Negative examples for discrim-
inative training were given from background images in the
INRIA Person database] 5].

Figure 7 shows examples of trained contour filters. Con-
tour orientations in each pair of the child and parent vary
depending on variahility of the relative orientation between
them. Indeed, as shown in the examples, the contour orien-
tations between the foot and shin varied widely (i.e. 360
degrees) among the types, compared with those between
“head and neck” and “neck and shoulder”.

In accordance with the implementation in [ 31], pose es-
timation results were evaluated as follows. In the dataset,
14 main points are given as the ground-truth. On these 14
points, the centers of the 14 parts out of the 26 parts of our
structure model were located. Other 12 parts were located
between the 14 main parts. For visual check, the 14 main
points and the links between them are shown (Fig. 8 and
9). Quantitative evaluation was achieved also with the 14
main points, which were used for localizing the line seg-
ments that define 10 body parts, namely head, torso, and
right, left, upper, and lower legs/arms. The estimation accu-
racy was evaluated by the percentage of correctly localized
parts. This quantitative evaluation was done with the code
inthe BUFFY stickman dataset[9].

Table 1 shows the results of quantitative evaluation.
For comparison, the results using the base model with 26
partg31], (a) in the table, are shown.

Our model consists of 26 partsand 25 contour-eval uation
windows. Since our model is based on the base model[ 31]
and intercalates contour-evaluation windows between 26
parts, one might be interested in the difference between our
model and the base model[ 31] with 51 parts. It can be seen
that the model with 51 parts could not improve the perfor-
mance, as shownin Table 1 (b).

From the results of our model without any contour selec-
tion in the overlap or weighting contour pixels based on the
dominant orientation, (c) in the table, it can be verified that
contour selection and weighting contoursis effective.

The effect of discriminative training of contour features
was also verified. Instead of discriminatively trained fea-
tures, the mean of extracted contours was used for the con-
tour filter, G*. The score for contour evaluation, (8), was
expressed with the weight of contour (denoted by w#7):
o) (pi»p;) = whd (T),J . U(I,p,,;,pj)). We tested w’/ €
{10,1,0.5,0.1,0.01}. The best results with w*/ = 0.01,
(d) in the table, were worse than those of our model, ().

Figure 8 shows several examples where our method got
better results rather than the base model[ 31]. It can be seen
that, with our model, if clear contours that connect “the
torso and upper limbs’ and “the upper and lower limbs’
are observed, the parts could be localized correctly without
being disturbed by other clutters, whose appearance might
be similar to that of a part.

Three examplesof big failureswith our model are shown
inFig. 9. In (i), the left lower arm and the right leg were
mislocalized. Theright leg is clearly observed with no oc-
clusion, and the left lower arm is occluded but its bound-
ary with the upper arm is observed. It might be possible
to localize these parts correctly by improving our model.
On the other hand, for correctly localizing the lower arms
in (ii), richer appearance cues might be required due to se-
vere background clutter. While all partsin (iii) are clearly
observed, pose estimation was failed probably because the
pose was significantly different from any of those in train-
ing images. To resolve this failure, the effects of pose prior
given by b% and b'-t should be reconsidered; pose prior
might be overfitted to a small amount of training data. One
might try to resolve this problem by employing more train-
ing datafor covering a huge variety of possible poses.

For verifying the possibility of improving the perfor-
mance with more training data, we trained the models with
200 images (1st to 200th imagesin the Image Parse dataset).
Table 2 shows the results with 100 and 200 training images.
For fair comparison, the same set of test images (201st to
305th images in the dataset) were used. Contrary to expec-
tation, the performance was not improved. Thisresult gives
an insight into requirements of other cues, much moretrain-
ing data (> 1000 images) with richer attributes[ 4], etc. Col-
lecting a huge data would cause requirement for processing
inaccurate training data[ 12].



Model | Head | Torso | Upper legs | Lower legs | Upper arms | Lower arms | Total

(a) Mixtures[31] with 26 parts 932 | 976 83.9 75.1 72.0 48.3 74.9
(b) Mixtures[31] with 51 parts 951 | 100 83.9 76.1 72.7 42.9 74.6
(c) Our mode!l with no weights 585 | 92.2 52.7 415 434 27.3 48.1
(d) Our model with no contour training | 95.6 | 99.0 854 75.1 73.2 46.8 75.6
(e) Our model 985 | 100 89.8 79.0 77.6 51.2 79.4

Table 1. Comparative results of the percentages of correctly localized partsin pose estimation. (a) mixture model of non-oriented 26 parts,
(b) mixture model of non-oriented 51 parts, (c) our model without weighting contour points based on the dominant orientation, (d) our
model using aweighted score of contour featuresinstead of their discriminative training, and (€) our model.

Trainingimages | Head | Torso | Upper legs | Lower legs | Upper arms | Lower arms | Total
(a) 100 images 96.2 | 100.0 88.6 79.0 76.2 49.5 78.3
(b) 200 images 95.2 | 99.0 86.7 79.0 75.3 50.5 7.7

Table 2. Model training was achieved with a different number of training images. (a) and (b) were trained with “the 1st to 100-th images’
and “the 1st to 200-th images’ in the Parse Image dataset. All models were evaluated with the 201st to 305-th images.

10/10 6/10 9/10 7/10 10/10 7/10
Figure 8. Pose estimation results. For each test image, three results are shown: (Left) 26 part-rectangles estimated by our method, (Middle)
14 main points extracted from the estimated 26 rectangles, and the links connecting these points, (Right) results estimated by the method
without appearance cues between neighboring parts[31]. The number of correctly localized partsis shown under each result.

For more comparison, estimation accuracy was tested 7. Concluding Remarks
with the BUFFY stickemen dataset[ 9], as shown in Table
3. The proposed method had less impacts in the BUFFY
dataset compared with the Parse dataset. This might be be-
cause many images in the BUFFY have low contrast that
makes contour extraction difficult. This problem might be
alleviated by adaptive thresholding.

This paper proposed contour-based features for connect-
ing neighboring parts in articulated pose estimation. The
features are well localized and discriminatively trained.
The feature localization suppresses bad effects of nuisance
edgesand reduces computational cost. Discriminativetrain-
ing improves connectivity of neighboring parts.
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Figure 9. Examples of estimation failure.

Model [ Head | Torso | U-arms | L-arms | Total
@[22] | 962 | 1000 | 953 | 630 | 855
(b) [31] 99.6 | 100.0 96.6 70.9 89.1
(c)Ours | 989 | 100.0 97.5 73.9 90.3

Table 3. Comparative resultswith the BUFFY stickmen dataset[9].
(a) cascaded model[22], (b) mixture model of non-oriented 26
parts[31], and (c) our model.

Future work of our model includes 1) more optimized
featurization of contoursin terms of the size and location of
the contour-eval uation window rel ative to parts and 2) other
good appearance cues for connecting neighboring parts.

The codes of the base model[31] and quick shift[29]
were given by their respective authors.
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