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Abstract. This paper proposes a class-speciﬁed segmentation method,
which can not only segment foreground objects from background at pixel
level, but also parse images. Such class-speciﬁed segmentation is very
helpful to many other computer vision tasks including computational
photography. The novelty of our method is that we use multi-scale superpixels to eﬀectively extract object-level regions instead of using only
single scale superpixels. The contextual information across scales and the
spatial coherency of neighboring superpixels in the same scale are represented and integrated via a Conditional Random Field model on multiscale superpixels. Compared with the other methods that have ever used
multi-scale superpixel extraction together with across-scale contextual
information modeling, our method not only has fewer free parameters
but also is simpler and eﬀective. The superiority of our method, compared with related approaches, is demonstrated on the two widely used
datasets of Graz02 and MSRC.

1

Introduction

This paper aims to segment an image into semantic objects. As a special case,
we can extract foreground region from background region at pixel level. More
generally, we can segment an image according to the class labels of its components as well; namely, label all objects in the image. Such a task is referred to
as class-speciﬁed image segmentation in this paper.
Class-speciﬁed image segmentation is quite diﬀerent from the unsupervised
bottom-up image segmentation. A single region generated by the bottom-up
image segmentation rarely represents a physical object, which is usually troublesome when used for higher level vision tasks. Moreover, bottom-up image
segmentation is likely to be sensitive to the model parameters and the image
data itself. Diﬀerent choices of the parameters in a particular bottom-up image segmentation algorithm could generate segments with diﬀerent quality on
the same image. Therefore, the class-speciﬁed segmentation is proposed to overcome such problems. It segments an image according to the semantic information of the objects within it, which is expected to be consistent with humans
perceptions.
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The development of object localization has shed some light on class-speciﬁed
segmentation. Dalal et al. [1] implemented a sliding window scheme combined
with SVM classiﬁers to detect pedestrians. However, that method is time consuming. In order to solve this problem, Lampert et al. [2] proposed an eﬃcient
subwindow search method, which is based on the branch-and-bound scheme, to
detect the generic object. Blaschko et al. [3] treated the problem of object localization as a regression problem, in which the objects location is an output
of a learned objective function. However, the above-mentioned methods are all
conditioned on the existence of an object template, which is hard to be made robust to the change of object appearance, such as rotation, illumination changes,
occlusion, etc. Utilizing multiple templates might somewhat ease the problem,
but for many objects in the unconstrained real images, such a strategy may lead
to a signiﬁcant increase of the total number of the required templates. Another
ﬂaw of those methods is that they only extract an object with a bounding box,
thus being unable to provide accurate segmentation at pixel level.
Recent success in pixel-level categorization has shown a promise for object
localization, in which one can label image pixels with the corresponding classes
instead of roughly bounding an object with only a rectangle. Shotton et al.
[4] constructed semantic texton forests (STF) to learn the local representation.
They used a grid with small cells as the input to STF. However, their method is
sensitive to the size of the cells and its accuracy decreases as it meets a higher
speed demand. Fulkerson et al. [5] used superpixels instead of the regular patch
grid for representation. They represented the local image information in an adaptive domain rather than in a ﬁxed window and adopted Conditional Random
Field (CRF) [6] to extract the object-level regions. Tighe et al. [7] proposed
a similar method as [5]. The diﬀerence is that they used superpixel matching
instead of classifying to compute the likelihood score for each class, while their
commonness is to base themselves on the superpixels of a single scale. Therefore,
both of their methods can only capture the context of neighboring superpixels,
but not cover the across scale context of the informative superpixels of multiple
levels in the scale space. Their performances are thus sensitive to the scale of
superpixels and the range of superpixel neighbors, which results in a relative
unstable object-level segmentation. Kohli et al. [8] proposed an image parsing
method based on both pixels and unlabeled segments, encouraging pixels in the
same segment to share the same label. Similar to [5][7], this method does not
take into account the scale space context as well. The latest work that explored
both the spatial coherency of neighboring superpixels in the same scale and the
contextual information across scales was presented by Lubor et al. [9], in which
a hierarchical CRF model was performed. However, this work has two shortcomings which limit its eﬀectiveness and applicability. One is that its performance
depends much on the goodness of the initial unsupervised segmentation, and the
other is that it has many free parameters to be predeﬁned, which is not a trivial
task.
In this paper, we propose a new approach for class-speciﬁed segmentation
which inherits the virtues of the existing methods while at the same time avoids
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Fig. 1. The framework of the class-speciﬁed segmentation method. a) the original
image; b) the classiﬁcation of the segments at three scales where the red color means
a high probability of the corresponding superpixels belonging to the bike and the
blue color means a high probability of the corresponding superpixels belonging to
the background; c) graph construction on the multi-scale superpixels; d) the obtained
conﬁdence map. (The ﬁgure is best viewed in color.)

their shortages. The proposed approach follows the idea of using CRF to integrate both the spatial coherency and across-scale consistency of multi-scale
superpixels, but in a simpler and more eﬀective way than the one presented in
[9]. More precisely, instead of using appearance for representing the across-scale
contextual information, we use the overlapping ratio which is proved to be more
eﬃcient and more eﬀective. Our model has only one single free parameter: the
number of scales, which is not sensitive to the input data, as to be witnessed in
our experiments. All the other parameters of our model can be learned in the
training stage. Besides its applicability, its superiority in terms of segmentation
performance will be demonstrated in this paper, especially when it is compared
with the most related method [5].
The rest of the paper is organized as follows. In section 2, we give the details
about our method. In section 3, the experimental results are given to show the
performance of our method. Conclusions are given in the section 4.

2

Class-Specified Segmentation

The framework of our method is shown in Figure 1. We ﬁrstly obtain the superpixels at multiple scales by changing the number of segments at each scale.
Then an adaboost classiﬁer for the foreground object is learned on the labeled
training data. After that, the conﬁdence values of superpixels are computed
using the classiﬁer. We employ the CRF model [6] to enforce the spatial consistency between the superpixels and their neighbors both in the same scale and
in the consecutive levels in the scale space. Finally, we obtain the class-speciﬁed
segmentation of an image, as shown in Figure 1(d).
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Fig. 2. The ﬂowchart of superpixel’s description with bag of words model. We get the
SIFT descriptors for all the pixels. With the vocabulary of visual words, we describe
each superpixel by the word frequency of the pixels within it.

2.1

Superpixel and Description

The motivation of using multi-scale superpixels is to capture the context of the
superpixels of multiple levels in the scale space which may be critical for stable
object-level segmentation. In our method, we ﬁrstly use SLIC superpixels [10] to
oversegment an image with diﬀerent numbers of segments and obtain the multiscale superpixels. We have evaluated the following image segmentations in our
framework: graph-based-segmentation [11], quickshift [12] and SLIC [10], and
we found that the superpixels obtained by SLIC achieved the best performance
with our model. It probably dues to the fact that the parameters in quickshift
segmentation and graph-based-segmentation are relatively less sensitive to the
change of color, which results in many repeated superpixels.
We employ the bag-of-words model (BOW) to describe these superpixels.
Since sparse sampling may end up with a representation of superpixels which
is not informative and stable enough, we use the dense description instead and
describe each pixel by a SIFT descriptor [13] as shown in Figure 2, which is similar to [5,7]. These descriptors are then mapped to a vocabulary of visual words
which are computed using vector quantization based on the K-means scheme.
Before representing a superpixel, we dilate each superpixel region by four pixels
in order to enforce the boundary information to the superpixel descriptor following [5,7]. To represent superpixels, we build a histogram of word frequency for
each superpixel with the vocabulary. Moreover, we use the color cue as well. We
compute the average color for each superpixel in the Lab color space for its high
discriminative ability on colors. Finally we simply concatenate the histogram of
visual words and the average color to form a high dimension feature vector for
each superpixel.
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2.2

Classification

In order to compute the conﬁdence value of superpixels, we learn adaboost classiﬁers [14] based on the superpixels contained in the labeled object regions in
the training datasets. The label of each training superpixel is decided by the
labels of the pixels in the superpixel. If the pixels in the region of a superpixel
belong to several diﬀerent classes, the label of the superpixel is determined by
the label shared by the largest number of pixels in the superpixel region. In the
case of binary segmentation, we learn a single binary adaboost classiﬁer using
the labeled training data. For the case of the multi-class segmentation, we learn
the adaboost classiﬁers with multiple weak learners trained in a one-vs-rest way,
and the conﬁdence of predicted label for each superpixel is decided by calculating
the votes from all these weak learners.
2.3

Graph Construction

Considering the spatial consistency between superpixels, we construct an threedimensional adjacency graph G(S, E) to encode the spatial constraints, in which
S is the set of nodes, indicating all the superpixels from all scales, while E is the
set of edges connecting pairs of superpixels (si , sj ) being adjacent either spatially
in the same scale or across consecutive scales. As shown in Figure 1(c), we deﬁne
these two types of edges as horizontal edges and vertical edges. We connect the
pairwise superpixels in the same scale of an image with a horizontal edge if
they share a boundary, which represents the spatial context. And we connect
the pairwise superpixels in the multiple levels in the scale space with a vertical
edge if they share pixels, which stands for the scale context. Compared with
[5], we add the vertical edges which enable our method to capture the context
of multiple levels in the scale space and extract a stable object-level region. In
contrast, the performance of [5] is sensitive to the size of superpixels.
2.4

Inferring with CRF

We introduce CRF to carry out inference on the graph we built. Let P (c|G, ω, ν)
be the conditional probability of predicting label {c1 , · · · , cn } ∈ C given the
adjacent graph G(S, E) and the weights ω and ν:
−log(P (c|G, ω, ν)) =



si ∈S

ψ(ci |si )+ω



(si ,sj )∈Eh

φ(ci , cj |si , sj )+ν



ϕ(ci , cj |si , sj )

(si ,sj )∈Ev

(1)

where Eh is the set of the horizontal edges, and Ev is the set of the vertical edges.
Moreover, ψ is the unary potential and φ is the horizontal pairwise potential,
while ϕ is the vertical pairwise potential. There are two weights ω and ν used
in our model: ω is the tradeoﬀ parameter between the unary potentials and
the horizontal edge potentials, and ν is the tradeoﬀ parameter between the
unary potentials and the vertical edge potentials. Since each graph may contain
more than one thousand nodes and thousands of edges, it could take several
days to train the parameters if we use gradient decent scheme. Alternatively, we
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use an approximate scheme called stochastic gradient descent [15] to train the
parameters ω and ν. For each iteration t, this scheme randomly selects a sample
which contains about 5 to 20 batches of points, and computing its gradient
by optimizing the maximum-likelihood estimation of C with P (c|G, ω, ν). Then
update the current parameters with the gradient by a small step. Repeat this
process until it converges or iterates suﬃcient times. It is very fast and eﬃcient.
We deﬁne the unary potential ψ(ci |si ) by the conﬁdence value obtained from
Adaboost which is operated on the superpixels obtained in subsection 2.2. The
horizontal pairwise edge potential φ is deﬁned as:
1
· [ci = cj ]
(si , sj ) ∈ Eh
1 + si − sj 
and the vertical pairwise edge potential ϕ is deﬁned as:
φ(ci , cj |si , sj ) =

ϕ(ci , cj |si , sj ) =

|si ∩ sj |
· [ci = cj ]
|si ∪ sj |

(si , sj ) ∈ Ev

(2)

(3)

where [ci = cj ] is the zero-one indicator function. si − sj  is the norm of the
color distance between superpixels in Lab color space. The vertical pairwise edge
potential is the ratio of the intersection area |si ∩ sj | and the union area |si ∪ sj |
of the pairwise superpixels.
In our experiments we ﬁnd that the vertical edges have contributed more
than horizontal ones, because ν/ω is greater than 1 in most cases. It indicates
that the context across scales is more important for object segmentation. As
we mentioned before, the total number of the nodes in the graph is usually
over a thousand, thus an exact inference is intractable. Therefore, we carry out
approximate inference by employing the loopy belief propagation (LBP) [16],
which is simple and eﬃcient.
2.5

Across-Scale Label Confidence Integration

For each test image, we get the superpixels and the corresponding descriptions
as mentioned in section 2.1. And then all the superpixels are tested through
the Adaboost classiﬁer obtained in section 2.2. After that, the CRF inference is
carried out with the graph constructed in section 2.3, and the conﬁdence value of
each superpixel is obtained. Based on the CRF inference result, we can construct
a pixel-wise conﬁdence map for each category by averaging the class-speciﬁed
conﬁdence values from all the corresponding superpixels, that is, the conﬁdence
map is an image whose dimension is equal to the number of classes. Finally, a
pixel is labeled according to its the maximum value of the labels, as shown in
Figure 3(d) and 5(d).

3

Experimental Results

We evaluate our method on two publically available databases: Graz-02 and
MSRC, and all of our results have been released on our website 1 .
1

https://sites.google.com/site/hanliupers/research/image-parsing
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Graz-02

There are three categories in the Graz-02 dataset: car(300), bike(300) and person(300). It is a challenging dataset because the objects signiﬁcantly vary with
rotation, occlusion, scales, etc. We mainly compare our work with Fulkerson et
al.’s work [5] because it is most related to our method, and we use the same
training and testing data (i.e. the oddly indexed images are used as the training
set, while the evenly indexed ones are used as the testing set). Some representative results are shown in Figure 3(d). As a result, our method has achieved
better performance than Fulkerson et al.’s work (see Figure 3(c) and Table 1). In
their work, diﬀerent dilate sizes have been applied to superpixels, which results
in diﬀerent segmentation accuracies. On the contrast, in our work we dilate each
superpixel with four pixels. In Table 1, we compare our segmentation accuracy
with the best result of [5]. We present the results of our method with various
numbers of scales (NS) to test the inﬂuence of NS on the performance. The results show that our approach work best when the number of scales is equal to 5.
Compared with [5], our method achieves 11% higher accuracy on car, while the
accuracy improvements on bike and person are 7% and 9%, respectively.
We have tried several diﬀerent vocabulary sizes K=[100, 200, 400, 600, 800,
1000] in our experiment, and the results show that larger K tends to result in a
better performance. However, when K gets greater than 200, it has little eﬀect
on the performance improvement. Therefore, we select K = 600 in our method.
Table 1. The comparison results in terms of the recall=precision points between [5]
and the proposed method with diﬀerent numbers of scales on the Graz-02 dataset

The method in [5]
The proposed method with
diﬀerent numbers of scales.

3.2

NS=3
NS=4
NS=5
NS=6

Car
72.2%
79.5%
83.5%
81.4%
81.2%

Bike
72.2%
76.4%
77.1%
79.4%
78.2%

Person
66.3%
72.2%
72.9%
75.1%
74.8%

MSRC

The MSRC dataset contains twenty-three categories. Similar to [4], we discard
two categories: horse and mountain because they have too few samples. In this
dataset, misclassiﬁcations usually happen between similar categories. For example, some parts of a cow can be misclassiﬁed as those of a sheep. Shotton [4]
suggested to use an image-level prior (ILP) to solve this problem, considering
that one may have some prior knowledge about what an image possibly contains
before image parsing. To evaluate the ILP in our experiment, we simply describe
each trained image with the bag of words model of Spatial Pyramid scheme
[17], and learn a classiﬁer from the training images. For each test image, we
compute the prior probability(ILP) P (c) on twenty-one categories with the
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Fig. 3. Representative results on the Graz-02 dataset in which the red pixels represent
the predicted foreground region; a) original images; b) ground-truth labels; c) the
results of [5]; d) our results. (They are best viewed in color.)

trained classiﬁer, and then multiply P (c|G, ω, ν) by the posterior probability
P (c) as:
(4)
P  (c|G) = P (c|G, ω, ν) · P (c)α
where α is used to soften the prior probability. P  (c|G) is the ﬁnal conﬁdence
value on each category. In section 2.4 we mentioned that the vertical edge is
more important than the horizontal edge. To prove it, we show the value of
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boat

body

dog

cat

road

chair

book

bird

sign

ﬂower

bicycle

car

face

water

airplane

sky

sheep

cow

tree

grass

building

Table 2. The comparison of the tradeoﬀ parameter ratios between vertical pairwise
potential and horizontal pairwise potential for the 21 categories on the MSRC dataset

ν/ω 2.0 3.4 2.2 0.3 4.8 1.4 1.3 4.3 2.1 1.2 1.3 3.4 2.1 5.7 1.3 3.3 1.8 6.7 1.5 3.0 1.8

the tradeoﬀ ν/ω for each category trained by stochastic gradient descent [15] in
Table 2. We have ν/ω > 1 for all the 21 categories except cow.
We present the pixel-level confusion matrix of our method on MSRC dataset
in Figure 4 and show some representative segmentation results in Figure 5. Since
Fulkerson et al. [5] did not experiment on the MSRC dataset, to compare with it,
we test their method with our own implementation and show its results in Figure
5(c) and Table 3. Besides of that, we also compare our method with [4] and [18]
in terms of segmentation accuracy. As shown in Table 3, our method achieves
both the highest global accuracy (total proportion of correctly predicted pixels)
of 75% and the highest averaged accuracy of 68%, and performs better than the
other methods on 11 categories (more than half of 21). In terms of eﬃciency, our
method takes an average of 8 seconds to process an image, while [18] required
3 minutes per image. Unlike [4] relies on learning from a large pool of features,
our method only uses quite simple ones.

Fig. 4. The pixel-level confusion matrix of our method on the MSRC dataset
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Fig. 5. The results of segmentation and classiﬁcation for the MSRC dataset; a) original
images; b) ground-truth labels; c) the results of [5]; d) our results, each map shows the
most conﬁdent class at pixel level. (The ﬁgure is best viewed in color.)
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Table 3. Segmentation accuracy (in percentage) for each class on the MSRC dataset

building
grass
tree
cow
sheep
sky
airplane
water
face
car
bicycle
ﬂower
sign
bird
book
chair
road
cat
dog
body
boat
Global
Average

4

Ours

[5]

[18]

[4]

72
90
72
70
74
79
93
77
81
85
95
82
81
30
68
60
61
46
35
50
25
75
68

54
73
66
65
68
89
90
65
75
76
89
69
78
24
50
59
46
53
31
55
23
65
62

62
98
86
58
50
83
60
53
74
63
75
63
35
19
92
15
86
54
19
62
7
71
58

49
88
79
97
97
78
82
54
87
74
72
74
36
24
93
51
78
75
35
66
18
72
67

Conclusions

We propose a class-speciﬁed segmentation method, which utilizes CRF to integrate the information of multi-scale superpixels under spatial constraints. The
proposed method can be used to segment foreground objects from background,
and it can also be used for image parsing. The experimental results on the widely
used Graz02 and MSRC datasets show that the proposed method is superior to
the related methods [4,5,18] and is more simpler and more eﬀecient than the
work [9].
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