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Abstract. In this paper, we incorporate shape detection into contextual
scene labeling and make use of both shape, texture, and context informa-
tion in a graphical representation. We propose a candidacy graph, whose
vertices are two types of recognition candidates for either a superpixel or
a window patch. The superpixel candidates are generated by a discrim-
inative classifier with textural features as well as the window proposals
by a learned deformable templates model in the bottom-up steps. The
contextual and competitive interactions between graph vertices, in form
of probabilistic connecting edges, are defined by two types of contextual
metrics and the overlapping of their image domain, respectively. With
this representation, a composite clustering sampling algorithm is pro-
posed to fast search the optimal convergence globally using the Markov
Chain Monte Carlo (MCMC). Our approach is applied on both lotus hill
institute (LHI) and MSRC public datasets and achieves the state-of-art
results.

1 Introduction

As Fig. 1 illustrates, this paper presents an semantic scene understanding (label-
ing) method, motivated by partitioning or segmenting an entire image in (a) into
distinct recognizable regions in (b). This task requires classify all pixels, while
preserving accurate segmentation. By generating recognition candidates by su-
perpixel classification and object detection in the bottom-up steps as shown
in (c) and (d) respectively, we present a candidacy graphical representation to
integrate shape, texture, and context information.

We start by reviewing the literature on two research streams: semantic image
segmentation and structural object detection that are related to the bottom-up
steps of our work.

(i) Many approaches of image segmentation often explore textural appearance
features, and use flat graphical representation to encode local confidence and
pairwise consistency. Examples include the methods based on Markov random
fields (MRFs) and the conditional random fields (CRFs). The former models
the joint probability of the image and its corresponding semantic labels [1],
and latter models the conditional probability of the labels [2, 3]. Recently, the
global and contextual information based on the graphical representation are
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Fig. 1. Illustration of the proposed method. Given an input images in (a), the recog-
nition candidates of over-segmented superpixels (denoted by red letters), as well as
the candidates of template-based detector (denoted by blue rectangles), are extracted
in (c) and (d) respectively. A candidacy graphical representation is constructed with
these candidates as illustrated in (e). The final labeling result is exhibited in (b).

explored by some innovative work [4, 5, 6, 7, 8]. The inference task on graphical
models can be formulated as energy minimization problems with soft and hard
constraints. The algorithms can be divided into deterministic approximation
algorithms, such as the graph cuts [9] and the belief propagation (BP) [10], and
stochastic algorithms, like constraint-satisfaction solvers [11], Gibbs sampler [12].

(ii) Some other methods are aimed at detect and localize object-of-interest
from cluttered scene by capturing shape information. These methods usually
represent structural objects by a spatial or context configuration with a small
number of primitives, such as the PAS-based model [13], the shape context [14],
and the recent proposed active basis model [15].

Though the research in these two streams has made remarkable progress, it
still remains a challenge to combine the two types of method for the entire scene
understanding due to the difficulty of integrating shape and texture model. A
few pioneer work demonstrates this path with some special cases [17, 18].

In this paper, we study (i) a candidacy graphical representation that incorpo-
rates the shape information and textural appearance in a Bayesian framework
(ii) a composite cluster sampling algorithm for energy convergence globally.

Given an input image, we first generate a batch of recognition candidates
(proposals) by two types of classifiers: superpixel classifier and shape detector.
The superpixel classifier is learned by JointBoost method with a bank of low-
level features, inspired by [3], and it gives the possible labels to each superpixel.
The active basis model [15] is employed as shape detector to learn deformable
templates of structural object, and used to generate possible matchings on the
testing image, as shown in Fig. 1 (d). We thus build up an adjacency candidacy
graphical representation with these candidates, as illustrated in Fig. 1 (e) and
Fig. 3, where each graph vertex is equivalent to a recognition candidate. Each
two vertices can be linked by a probabilistic edge denoting the competitive or
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contextual interaction. Thus the semantic parsing can be solved by validating
these candidates while accounting for the interactions among them.

With this representation, we present a composite cluster sampling algorithm
using the Markov Chain Monte Carlo (MCMC) mechanism [19]. Unlike the tra-
ditional single-site sampler [11,12], this algorithm updates large portions of the
solution space quickly to minimize constraint energy, by clustering connected
components in each sampling step. It can be viewed as an extension of the
multiple-site sampler [20] by dealing with the soft (contextual) and hard (com-
petitive) constraints simultaneously. Given the candidacy graphical representa-
tion, this algorithm contains two iterative steps: (i) Sampling the competitive and
contextual edges to form a composite cluster; (ii) Validating the graph vertices of
this cluster following the Markov Chain Monte Carlo (MCMC) mechanism [19].

The remainder of this paper is arranged as follows. We first present the
bottom-up proposal and candidacy representation in Sect. 2, and follow with
a description of the problem formulation in Sect. 3. The inference algorithm is
discussed in Sect. 4. The experimental results are shown in Sect. 5 and the paper
concludes with a summary in Sect. 6 .

2 Representation

In this section, we first introduce the recognition candidate generation by two
types of classifiers and then discuss a candidacy graphical by these candidates.

2.1 Bottom-Up Candidates Generation

Given an input image I, we first use two types of classifier to generate recogni-
tion candidates: one for superpixels with low-level (textural appearance) features
and the other for structural objects with shape templates. A candidate is de-
fined as a universal form ci = (Ai, li). Ai = (Xi, Γi, Λi, ωi) denotes the candidate
attributes, including location Xi, outer contour Γi and image domain Λi, respec-
tively. ωi ∈ {0, 1} is the binary variable that denotes the validation or not of ci.
li = (′car′,′ grass′,′ cow′, . . .) denotes the semantic label.

We start by discussing generation recognition candidates by these two
classifiers.

(i) Superpixel-based candidate.
Superpixels are often used to effectively reduce the solution complexity in

image segmentation. In this work, we use an over-segmentation scheme used
in [24] to obtain the superpixels of both training and testing images. In practice,
each image contains around 30 ∼ 50 superpixels.

Given the annotated training images, we collect a pool of textural features,
including texton filters [3], color [22], and location [4], and then learn a discrim-
inative classifier formed by a set of selected features using a boosting frame-
work [23]. In the testing stage, each superpixel receives a recognition score for
each semantic label by this classifier, and a batch of superpixel candidates are
generated.



Inference Scene Labeling by Incorporating Object Detection 385

Thus the energy cost for each superpixel-based proposal can be computed by

ET (ci|I) =
n(T )∑

j=1

αjfj(Ai, li), (1)

where fj(Ai, li) is one selected feature (weak classifier) over superpixel and se-
mantic label, and αj is the weight parameter. n(T ) denotes the number of shape
templates.

(ii) Template-based candidate.
A recent proposed active basis model [15] is utilized to capture shape informa-

tion of structural object categories (car, cow, and horse, etc.). Using the model
with a shared sketch algorithm, deformable templates can be learned for each
object category on a small set of aligned positive samples in the same pose with-
out negative samples. A template Bli for category li, consist of a set of active
Gabor basis {Bj} that are allowed to slightly perturb their locations and ori-
entations before they are linearly combined to generate the image. One can use
other object detection approaches [16] without major algorithmic changes.

Car Rhinoceros

(a) (b)

Fig. 2. Template-based recognition candidates generated by active basis model [15].
(a) illustrates the deformable template learning from a set of aligned positive samples
and (b) shows an example of template detection.

In Fig. 2 (a), we intuitively illustrate the template learning process from
several aligned training images, and Fig. 2 (b) shows an example of detecting
the structural object instances by matching the templates in cluttered image,
(red rectangle for car detection and blue rectangle for rhinoceros).

We solve the energy cost for each candidate by template matching [15], as

ES(ci|I) =
n(S)∑

j=1

[λjh(| < I(Λi), Bj > |2) − log Z(λj)], (2)

where h(·) is transformation function on filter response. λj denotes the learned
weight parameter for each basis Bj , and Z(λj) is the normalizing constant and
it can be computed using [15]. n(S) denotes the number of superpixels.
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(a) (b) (c) (d)

Competitive edge Contextual edgeCar Horse Sand Sky

Fig. 3. Incorporating contextual and competitive interactions in the candidacy graph-
ical representation. The blue rectangles indicate the detected object templates. The
polygons on thick line denote the template-based candidates and polygons on thin line
denote the superpixel-based candidates. The different polygons with different colors
denote recognition label. The dashed line and solid line denote the contextual and
competitive edge link respectively. The competitive edges exist between two candi-
dates sharing image domain (as shown in (a) and (b)), and the contextual edges for
connecting candidates defined by context features (as shown in (c) and (d) ).

2.2 Candidacy Graph Construction

With these generated recognition candidates, we establish an adjacency graphical
representation G = (V, E), whose vertex vi is equivalent to a candidate ci. We
thus define the graph vertex set as,

V = VT

⋃
VS = {vi = ci = (Ai, li), i = 1, . . . n(T ) + n(S)}, (3)

where VT and VS are candidate sets from superpixel classifier and shape detec-
tor, respectively. In this graph, the parsing problem can be formulated as the
candidate validating task.

For any two vertices vi and vj specified by two adjacent superpixels, a prob-
abilistic edge e =< vi, vj >, e ∈ E is defined to indicate the competitive or
contextual interaction between them, this leads to E = E+ ∪E−. Each contex-
tual edge E+ exists between two vertices that share the contextual correlation,
while each competitive edge E− accounts for the mutual exclusion between
two vertices that share overlapping in image domain. Fig. 3 illustrates a typical
example of the candidacy graphical representation.

Competitive edges are defined for the mutual exclusion constraint that the
two vertices should not both be validated if they overlap with each other in image
domain. The overlapping often occurs with two neighboring template candidates
or one template candidate including a superpixel proposal, as illustrated in Fig. 3
(a) and (b) respectively. The connecting probability ρ−e of the competitive edge
is thus defined as

ρ−e =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

exp{ ||Λi

⋂
Λj ||

||Λi

⋃
Λj || }, vi, vj ∈ VS , Λi

⋂
Λj �= ∅

0, vi, vj ∈ VS , Λi

⋂
Λj = ∅

1, Λi ⊂ Λj or Λj ⊂ Λi

(4)
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Fig. 4. Pairwise co-occurrence matrix for superpixel candidates

Contextual edges play a key role in our model, which imply contextual
information between two graph vertices. We explore two types of contextual
metrics: the co-occurrence between two superpixel candidates and the layout
between a template candidate and an adjacent superpixel proposal.

– Co-occurrence context, constrains the two connected superpixel candi-
dates according to a learned distribution of related object categories, as
represented by a pairwise co-occurrence matrix HO(·, ·) in Fig. 4. In this
figure, the co-occurrence probabilities are scaled to gray-levels with the di-
agonals contributing zero energy. The darker gray-scale intensity denotes
higher co-occurrence probability. For example, the “car” to “grass” pair has
comparatively low probability because they seldom appear adjacently in our
dataset. Conversely, the probability between “sky” and “mountain” is in-
tuitively high as a result of their frequent co-occurrence in natural scene
images.

– Layout context, constrains the relative location of a superpixel candidate,
given a template candidate. For each structural category and surrounding
superpixels in training set, we learn a 2D probability histogram HL

li
(·, ·)

that encodes normalized pixel number with variational quadrant index and
category index. Fig. 5 illustrates this layout context and the histogram.

Based on the definition of two context metrics, the probability of contextual
edges ρ+

e is thus defined as,

ρ+
e=

⎧
⎪⎪⎨

⎪⎪⎩

HO(li, lj), vi, vj ∈ VT

n(D)∑

k=1

#(Λj ∩ Dk)HL
li (Dk, lj), vi∈VS and vj∈VT

(5)

where Dk refers the pixel map of the j-th quadrant. n(D) denotes the number
of quadrant and we set it as 10. HL

li
(·, ·) is the layout context histogram with

respect to template candidate vi. Λj and lj indicate image domain and semantic
label of the superpixel candidate vj respectively.
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Fig. 5. Layout context probability histogram for the template candidates with sur-
rounding superpixel candidates. (a) illustrates the definition of the layout context
histogram. Given a structural object in training images, the annotated surrounding
superpixels are projected to a number of quadrant (denoted by the Rome number).
Thus the pixel number distribution over the quadrant index and category index can
be calculated as shown in (b).

3 Probabilistic Formulation

Assume two sets of candidates are validated from the candidate set V : Q =
{qi} ⊂ VT , U = {ui} ⊂ VS with ω = 1, and sizes of Q, U are NT , NS respectively.
The solution configuration of parsing is defined as,

W =
{
NT , Q = {qi}NT

i=1, NS , U = {ui}NS

i=1

}
, (6)

We further formulate the solution W in Bayesian framework and solve it by
maximizing a posterior probability as

W ∗ = argmax p(W |I) = argmax p(W )p(I|W ). (7)

Prior term. We define the prior probability over the candidate numbers NT , NS

and the validating set Ψ = (Q
⋃

U), as,

P (W )=P (NT )P (NS)P (Q, U) (8)
∝exp{−αT NT } exp{−αSNS}·P (Q, U),

where αT and αS are tuning parameters and are set as 1 empirically. Since Q
and U are two types of candidates sharing the same definition as graph vertices,
we define

P (Q, U)=
∏

e∈E+

exp{β1(ωi = ωj)}
∏

e∈E−
exp{β1(ωi �= ωj)}. (9)

β ∈ [0, 1] is the tuning parameter and it set as 0.5 in practice. 1(·) ∈ {0, 1} is
an indicator function for a Boolean variable. The probability is maximized when
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all contextual edges have same vertices state and all competitive edges connect
two vertices with differently state labels.

Likelihood term. Using the classifiers for the recognition candidate generation, we
define the likelihood probability of our model with the validated proposals, as

P (I|W ) = P (I|Q, U) ∝
∏

qi∈Q

exp{−ET (qi)}
∏

ui∈U

exp{−ES(ui)}, (10)

where ET and ES are energy costs for each validated candidate given the two
types of classifiers, as defined in Eq. 1 and Eq. 2.

4 Inference by Composite Cluster Sampling

Based on the candidacy graph G =< V, E >, our algorithm simulates a Markov
chain that consist of a sequence of states in the solution space, and travels
the space by realizing reversible jumps between any two successive states. For
each stochastic jump step, whether a new state is accepted is decided by the
Metropolis-Hastings [19] method that guarantees the global convergence of the
inference algorithm. Given two successive states A and B, the acceptance rate
is defined as,

α(A → B) = {1,
Q(B → A)P (B)
Q(A → B)P (A)

}, (11)

where P (A) and P (B) are the posterior probability. Q(B → A) and Q(A → B)
are canidae probability of “jumping” between two states. Following the theoret-
ical analysis reported in [20], Q(B → A)/Q(A → B) can be simplified by cluster
sampling, which contains two steps: 1) forming a composite cluster, called con-
nected component (CCP), by sampling the probabilistic edge connection; 2)
flipping the generated CCP by re-validating graph vertices.

Forming a composite CCP in G =< V, E > is equivalent to sampling
the edge probability (defined in Eq. 4 and Eq. 5). For each probabilistic link
e =< vi, vj >, we define the sampling protocol for edge sampling (cutting) as

– Deterministic cut, as illustrated by black “×” in Fig. 6, is performed
(i) on contextual edges connecting two different state vertices, and (ii) on
competitive edges connecting two same state vertices.

– Probabilistic cut, is illustrated by black “‖” in Fig. 6. (i) The contextual
edges connecting two same state vertices are turn off with probability 1−ρ+

e ,
and (ii) the competitive edges connecting two different state vertices are turn
off with probability 1 − ρ−e .

Note we then select one CCP with equal probability if more than one is formed.
Thus the generation of the composite cluster can be calculated by the probability
of “turning off” the edges (as the black “‖” and “×” denote in Fig. 6) around
the composite cluster, as

Q(CCP ) =
∏

e∈E+
⋂ C

(1 − ρ+
e )

∏

e∈E− ⋂ C
(1 − ρ−e ), (12)
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Probabilistically cut Deterministically cut

State A State BComposite Cluster Vcc

State A State B

(a) (b) (c)

(d) (e)

sub-CCPs

Fig. 6. The illustration of composite cluster sampling. (a) shows a current state and
the edge links are cut deterministically or probabilistically denoting by black “×” or
“‖”; (b) shows a composite cluster (in the black ellipse) including three conflicting con-
nected components (CCPs) (in the dashed rectangles), and each one includes vertices
connected by contextual (dashed) links while any neighboring CCPs are connected by
a competitive (solid) link; (c) is the new state resulting from the re-validating in the
composite cluster, and all vertices in a CCP are compatibly validated as a whole; (d)
and (e) are the real segmentation solutions corresponding to states (a) and (c). Note
the solid vertices imply validated candidates.

where C is a set of the edges that has been “turned off” around CCP. The edge
probability ρ+

e and ρ−e are defined in Eq. 5 and Eq. 4 respectively. Note we then
u.a.r select one CCP if more than one is formed.

Flipping the CCP is equivalent to re-validating vertices in the CCP. We split
the selected CCP to many sub-CCPs, as showed in Fig. 6 (b), and then simply
reverse the state of each vertex thus keeping the current constraints satisfied,
since our candidacy representation is a typical Ising model where each site only
has two states.

Thus Q(B → A)/Q(A → B) only depends on the generation of CCP, and
computed by ∏

e∈E+
⋂ CB

(1−ρ+
e )

∏
e∈E− ⋂ CB

(1−ρ−e )
∏

e∈E+
⋂ CA

(1−ρ+
e )

∏
e∈E− ⋂ CA

(1−ρ−e )
. (13)

A representative composite cluster CPP with three conflicting connected com-
ponents (sub-CCPs) is shown in Fig. 6 (b), and all vertices in each sub-CCP
should be compatibly validated with the other neighboring ones. Fig. 6 (c) and
(d) demonstrate the real segmentation solutions corresponding in a step of re-
versible jump, taking fully advantage of the composite cluster.
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The overall description for this composite cluster sampling algorithm is sum-
marized in Algorithm 1.

Algorithm 1. Inference Algorithm
Input: testing image I , superpixel-based candidate set VT , template-based

candidate set VS

Output: convergence solution W ∗ ∼ P (W |I)
Construct graph representation: G =< V, E >.1

repeat to sample loop for W to get the final solution2

begin Cut edges to form CCP sets {Vi, i = 1, 2, . . . , M} by edge strength3

for each contextual edge do4

if two vertices have the same state then5

cut the edge by probability 1 − ρ+
e6

else7

cut the edge deterministically8

for each competitive edge do9

if two vertices have the same state then10

cut the edge deterministically11

else12

cut the edge by probability 1 − ρ−
e13

end14

Randomly select a composite CCP ;15

Revalidated each sub-CCP of CCP to form a new state W ′;16

Calculate the accept probability α(W → W ′) by Eq. 11 to move to next17

solution or not.
until Predefined criterion is satisfied.;18

5 Experiments

We evaluate our approach on two public data sets: (i) MSRC 21-class database [3]
that contains 591 images in total, and (ii) LHI 17-class database [21] including
17 × 15 = 255 images. Compared to the LHI database, the MSRC database
was published earlier and many researchers reported result on it, however its
groundtruth annotation is relatively rough as a benchmark for semantic parsing
task. For both data sets, the images are normalized into size of 320 × 213 and
all images are split randomly into roughly 45% for training, 10% for validation
and 45% for testing as well as [3] does. The algorithm is implemented by C++
on a PC with Core Duo 2.8 GHZ CPU. The computation cost is comparatively
lower and it spends around 40 ∼ 60s per image. The average sampling cost time
for convergence is only around 4 ∼ 6 seconds based on the generated candidates.
The speed reported in [3] was 3 minutes and 70 seconds in [8].

MSRC 21-calss databae. We randomly split the dataset into 337 images for
training and 254 ones for testing, like in [3]. Some typical results are shown
in Fig. 7, and the quantitative overall pixel-wise accuracy with comparison is
reported in Table 1.
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Table 1. Overall pixel-wise accuracy on MSRC 21-class database [3] and LHI 17-class
database

Methods MSRC LHI

Proposed 77.6% 77.2%
CRF + Rel.Loc. [4] 76.5% N/A

Bag of Keypoints [24] 75.1% N/A
Auto-Context [8] 72.9% N/A
TextonBoost [3] 72.2% 67.2%

Geodesic-distance [22] N/A 71.4%

Fig. 7. A few typical results on MSRC 21-class data set. From the top row to the
bottom row are: original images, annotated label maps, Result by [3], and our results.
The different color denotes the different object category. The overall pixel-wise accuracy
is proposed in Table. 1.

LHI 17-class database. We further test our approach on more challenging LHI
database that provides more accurate annotated groundtruth. A number of origi-
nal images, annotation labeling, superpixel-based candidates, template-based can-
didates, and the final results are presented in Fig. 9. A few examples of iterative
sampling are exhibited in Fig. 10(b). The confusion matrix of multi-class recogni-
tion for total 17 categories is proposed in Fig. 8, and the overall pixel-wise accuracy
on this dataset is 77.2%. The TextonBoost [3] on this dataset outputs 67.2%.

In another comparison, we implement a recently presented geodesic-distance
method [22] to achieve segmentation based on our superpixel-based candidates.
Like the graph cuts [9], geodesic-distance algorithm deterministically assigns
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0.0106 0.0441 0.0329 0.0322 0.0214 0.7527 0.0184 0.0131 0.009 0.0127 0.0053 0.0054 0.0053 0.0053 0.0133 0.0108 0.0075

0.0104 0.0169 0.0221 0.0187 0.0143 0.0161 0.7836 0.0558 0.0067 0.0088 0.0066 0.0068 0.0065 0.0066 0.0067 0.0067 0.0067
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0.0162 0.0097 0.0092 0.0257 0.0354 0.023 0.0098 0.0102 0.7756 0.02 0.009 0.0096 0.0093 0.0093 0.009 0.0093 0.0096
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0.1155 0.0835 0.0068 0.0788 0.0089 0.7064
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Fig. 8. Confusion matrix of labeling for total 17 categories on the LHI 17-class [21]
database. The overall accuracy is 77.2%.

Fig. 9. Example results on LHI 17-calss database [21]. We demonstrate a few original
images, annotation labeling, superpixel-based candidates, template-based candidates,
and the final results from the top row to the bottom row. The column on the right is
a failure example.

(a) (b)

Fig. 10. (a)A comparison with geodesic-distance method (in the middle row). The
original images and our results are shown in the top row and the bottom row respec-
tively. (b)An illustrative examples of iterative sampling. The top two rows exhibit the
original images and the groundtruth annotation. The other rows (3-rd ∼ 6-th) show
the results in iterative sampling.
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label to each pixel based on confident initialization. In this experiment, we set
the initialization by a few candidates with low energy cost. The overall accuracy
reaches 71.4%. However, this deterministic algorithm often depends on confident
initialization and may stuck in local minimal. Three typical examples of geodesic-
distance method are exhibited in Fig. 10(a) to compare with our method.

6 Summary

For the semantic scene understanding task, this paper studies a candidacy graph-
ical representation of integrating the textural appearance and shape information.
In contrast to the current methods using textural appearance and pixel-level
context information, we additionally explore the object structural model in the
candidacy representation, as well as the competitive and contextual interactions.
An efficient composite sampling algorithm based on this representation is pro-
posed in the Bayesian framework. Unlike the traditional single-site sampler, this
algorithm updates large portions of the solution space quickly to minimize con-
straint energy, by clustering connected components in each sampling step. Our
approach is test on both LHI and MSRC public data sets and outperforms the
state-of-art methods.

Acknowledgement. We also thank Jun Zhu, Tianfu Wu, Lin Liang, Xiang Bai,
and Yu Zhou for their helpful discussions. This work was supported by NSFC
No.60873127, 60903096 and 60903172.

References

1. Laferte, J.M., Heitz, F., Perez, P., Fabre, E.: Hierarchical statistical methord for
the fusion of multiresolution data. In: ICCV (1995)

2. Xuming, H., Zemel, R.S., Carreira-Perpinan, M.A.: Multiscale conditional random
fields for image labeling. In: CVPR (2004)

3. Shotton, J., Winn, J., Rother, C., Criminisi, A.: Textonboost: Joint appearnce,
shape and context modeling for multiclass object recognition and segmentation.
In: Leonardis, A., Bischof, H., Pinz, A. (eds.) ECCV 2006. LNCS, vol. 3951, pp.
1–15. Springer, Heidelberg (2006)

4. Gould, S., Rodgers, J., Cohen, D., Elidan, D., Koller, D.: Multi-class segmentation
with relative location prior. IJCV 80, 300–316 (2008)

5. Galleguillos, C., Rabinovich, A., Belongie, S.: Object categorization using co-
occurrence, location and appearance. In: CVPR (2008)

6. Rabinovich, A., Vedaldi, A., Galleguillos, C., Wiewiora, E., Belongie, S.: Object in
context. In: ICCV (2007)

7. Bastian, L., Ales, L., Bernt, S.: Combined object categorization and segmentation
with an implicit shape model. In: ECCV Workshop on Statistical Learning in
Computer Vision (2004)

8. Zuowen, T.: Auto-context and its application for high-level vision tasks. In: CVPR
(2008)

9. Kolmogorov, V., Zabin, R.: What energy functions can be minimized via graph
cuts? PAMI 26, 147–159 (2004)



Inference Scene Labeling by Incorporating Object Detection 395

10. Frey, B.J., Mackay, D.: A revolution: Belief propagation in graphs with cycles. In:
NIPS (1997)

11. Apt, K.: The essence of constraint propagation. Theoretical Computer Science 221,
179–210 (1999)

12. Geman, S., Geman, D.: Stochastic relaxation, gibbs distributions and the bayesian
restoration of images. PAMI 6, 721–741 (1984)

13. Ferrari, V., Jurie, F., Schmid, C.: Accurate object detection with deformable shape
models learnt from images. In: CVPR (2007)

14. Belongie, S., Malik, J., Puzicha, J.: Shape matching and object recognition using
shape contexts. PAMI 24, 509–522 (2002)

15. Yinnian, W., Zhangzhang, S., Songchun, Z.: Deformable template as active basis.
In: ICCV (2007)

16. Xiang, B., Xinggan, W., Longin, J.L., Wenyu, L., Zuowen, T.: Active Skeleton for
Non-rigid Object Detection. In: ICCV (2009)

17. Borenstein, E., Ullman, S.: Combined top-down/bottom-up segmentation.
PAMI 30, 2109–2125 (2008)

18. Tu, Z.W., Chen, X., Yulle, A., Zhu, S.: Image parsing: Unifying segmentation,
detection, and recognition. IJCV 63 (2005)

19. Metropolis, N.: Equation of state calculations by fast computing machines. Journal
of Chemical Physics 21, 1087–1092 (1953)

20. Barbu, A., Zhu, S.: Generalizing swendsen-wang for image analysis. Journal of
Computational and Graphical Statistics 16, 877–900 (2007)

21. Yao, B., Yang, X., Zhu, S.-C.: Introduction to a large-scale general purpose ground
truth database: Methodology, annotation tool and benchmarks. In: Yuille, A.L.,
Zhu, S.-C., Cremers, D., Wang, Y. (eds.) EMMCVPR 2007. LNCS, vol. 4679, pp.
169–183. Springer, Heidelberg (2007)

22. Bai, X., Sapiro, G.: Geodesic matting: A framework for fast interactive image and
video segmentation and matting. IJCV 82, 113–132 (2009)

23. Torralba, A., Murphy, K.P., Freeman, W.T.: Sharing features: efficient boosting
procedures for multiclass object detection. In: CVPR (2004)

24. Lin, Y., Meer, P., Foran, D.J.: Multiple class segmentation using a unified frame-
work over mean-shift patches. In: CVPR (2007)


	Inference Scene Labeling by Incorporating Object Detection with Explicit Shape Model
	Introduction
	Representation
	Bottom-Up Candidates Generation
	Candidacy Graph Construction

	Probabilistic Formulation
	Inference by Composite Cluster Sampling
	Experiments
	Summary
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




