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Introduction

Segmentation and classification are two fundamental problems in
vision.

Top-down segmentation algorithms use class-specific knowledge to
simultaneously segment regions and identify their category.
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Related Work

A number of class-specific segmentation methods have been
proposed in recent years

I Foreground segmentation - segment foreground class using shape
priors
[Borenstein et al. 2002, Winn et al. 2005, Kumar et al. 2005, Opelt et al. 2006]

I Region merging - explore space of groupings using merge/split
operations
[Liu et al. 2001, Xen et al. 2003]

I Multiple segmentations - look for good segments consistent with
model
[Yang et al. 2007, Malisiewicz et al. 2007, Pantofaru 2008]

I CRF models - segmentation as structured labeling
[Shotton et al. 2006, Batra et al. 2008, Galleguillos et al. 2008, Gould et al. (2008 , 2009)]

I Multi-scale and hierarchical models - capture interactions at
multiple scales
[He et al. 2004, Zhu et al. 2008, Ladicky et al. 2009, Fulkerson et al. 2009]
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Problem
Drawbacks in restricting top-down influence to individual units

I A unit may give too local of a view for a classifier

I A bottom-up pairwise potential provides only smoothness according
to similar appearance

I Limiting to a fixed set of base units has the risk of missing the
combination of units at which some objects classifier would strongly
respond.

Illustration
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Our Approach: Top-down Pairwise Potential

I We introduce a top-down pairwise potential between two regions
based on how much better they fit the category model if treated as
a single region.

I This can be used to encourage the segments
I to be merged (in agglomerative grouping)
I to receive the same label (in a CRF)
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Outline

I Entropy-guided top-down pairwise potential

I Bottom-up cues
I Grouping strategy

I Agglomerative grouping
I CRF labeling

I Results



Entropy of a Segmentation

The classification entropy of a segmentation S is given by:

U(S) =

|S|∑
j=1

N∑
l=1

−P(l |Sj) log P(l |Sj) |Sj |.

where |Sj | denotes the number of pixels in segment Sj , and |S|
denotes the number of regions within the segmentation.

R(Si ,Sj) = U (S)− U (S ∪ {Sk}r {Si ,Sj})

I The operation of merging Si ,Sj decreases the entropy of the
segmentation if R(Si ,Sj) is positive.
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Requirements for Au‘s Features/Classifier
We choose both features and classifier appropriate for the proposed
use of entropy reduction

1. Features - this requires that larger parts of an object be
closer in feature space to the whole than the smaller parts.

I Intuitively, histogram-based features have this property.

2. Classifier - We use the probabilistic K-nearest Neighbor (PKNN)
classifier of Jain et al. 2009.

pc(x) =
1
nc

∑
i s.t yi=c K (x , xi )∑N

l=1
1
nl

∑
i s.t yi=l K (x , xi )
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Bottom-up Cues

Appearance Similarity. As(Si ,Sj) = exp (− 1

2σc
‖Ci − Cj‖2),

where Ci and Cj are color histogram vectors.

Contour Energy. Ae(Si ,Sj) = 1−
∑

p∈Si∩Sj

Pb(p)

|Si ∩ Sj |
,

where Pb(p) is the “probability of boundary” at pixel p (Martin et
al. 2004).



Grouping/Labeling strategy

I Agglomerative grouping

I Conditional Random Field model



Agglomerative Grouping

Logistic regression to combine top-down and bottom-up cues.

P(merge|Si ,Sj) =
1

1 + e−(
P

f wf Af (Si ,Sj )+b)
, Af ∈ {Au,As ,Ae}

1. Compute P(merge|Si , Sj)
between adjacent regions

2. Choose pair with
largest value

3. Merge pair and
recompute P(merge|Si , Sj)

I Each merge is a greedy step towards minimizing U(S).
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We define the conditional probability of the labeling L given an
image I and a set of segments {Si} as

I Au’s contribution would encourage neighboring segments that
are classified better together to be given the same label.
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Results

I Datasets
I MSRC v2 - 21 categories, 591

images
I MSRC v0 (subset) - 15

categories, 3259 images

I Region features
I Texton histogram
I Color histogram
I Shape descriptor - pHog feature

of masked region
I Context descriptor - texton

histogram of rest of the image

I Baseline - Without Au (bottom-up pairwise potential based on color

similarity and contour energy )

I the node potential uses top-down information in both cases
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Results: Agglomerative Grouping
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Results: Example Segmentations (Agglomerative)

input image

ground truth

without Au

with Au (ours)

Our entropy-guided affinity correctly encourages merges between

non-homogenous segments in cases where the purely bottom-up affinity

fails.



Results: CRF model
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Results: Example Segmentations (CRF)

input image

ground truth

without Au

with Au (ours)

Our entropy-guided potential correctly discourages merges between
similar looking segments due to increase in entropy in cases where the
purely bottom-up affinity fails.



Results: State-of-the-art

Approach Per-pixel accuracy

Shotton et al. 2006 72%
Yang et al. 2007 75.1%
Batra et al. 2008 70%
Gould et al. 2008 76.5%
Gould et al. 2009 76.4%

Our approach 76.2%

Zhu et al. 2008 81%
Ladicky et al. 2009 86%



Discussion

Agglomerative grouping

I candidate merges potentially extend across much farther
distances within the image than the initial superpixel

I greedy minimization and local optimum

CRF labeling

I the CRF works at a single scale (fixed base units)

I efficient algorithms for optimizing the defined energy function.
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Conclusion

I Introduced a novel affinity function between segments that
encourages grouping those which can be classified with more
certainty once they are joined.

I Demonstrated impact of the proposed top-down pairwise
affinity within both an agglomerative procedure and a CRF.

I Results on two datasets show that our method notably
improves traditional paired terms that strictly capture
bottom-up information.



Results: Effect of Multiple segmentation and Initializations

Number of superpixels
Per-pixel accuracy on MSRC v2
With Au Without Au

50 76.2 70.6
100 75.6 69.7
200 75.2 68.5

Effect of number of superpixels in initial segmentation.

Per-pixel accuracy on MSRC v2
Mean shift Ncuts Combined

Without Au 59.8 69.6 70.6
With Au (ours) 71.9 72.8 76.2

Impact of using multiple initializations.



Results: Agglomerative Grouping
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