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Abstract. We propose a novel algorithm to segment objects from the
existed segmentation results of the co-segmentation algorithms[1]. Previ-
ous co-segmentation algorithms work well when the main regions of the
images contain only the target objects; however, their performances de-
generate significantly when multi-category objects appear in the images.
In contrast, our method adopts mask transformation from multiple im-
ages and discriminatively enhancement from multiple object categories,
which can effectively ensure a good performance in both scenarios. We
propose to use sift-flow[2] between pre-segmented source images and tar-
get image, and transform the source images’ segmentation mask to fit the
target testing image by the flow vectors. Then we use all the transformed
masks to vote the testing image mask and get the initial segmentation
results. We also propose to use the ratio between the target category
and the other categories to eliminate the side effects from other objects
that might appeared in the initial segmentation. We conduct our ex-
periment on internet images collected by Rubinstein .etc[1]. We also do
additional experiment to study the multi-object conjunction cases. Our
algorithm is effective in computation complexity and able to achieve a
better performance than the state-of-the-art algorithm.

1 Introduction

Previous papers considered the task of pixel segmentation of similarly looking
objects in a number of images as image co-segmentation[3], where no prior in-
formation is available. The recent algorithm proposed by Rubinstein[1] is using
saliency map[4] as a prior information based on a hypothesis that the subject
object locates in salient region.

Recent research indicates that the task of multi-object semantic segmenta-
tion on images with several common objects can be regarded as a combination
of two sub-problems, i.e. label propagation[5] and belief voting [6]. Inspired by
the previous findings, we argue that patches sampled from two semantic simi-
lar images probably share similar visual contents as well as the same semantic
labels, and the more similar between the two images, the more similar between
the corresponding semantic masks. The above argument forms the main hy-
pothesis of this paper, in which we divide the semantic co-segmentation task
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into two sub-stages: 1) label propagation via SIFT-Flow and 2) label validation
by probabilistic belief voting. Given a concept, we adopt co-segmentation[1] to
automatically obtain a small set of pre-segmented images. Then, at the label
propagation stage, we transform the pre-segmented images’ masks to fit the tar-
get image and get the initial semantic segmentation result using SIFT-Flow[2]
based warping algorithm. Finally, we adopt probabilistic voting strategy to ob-
tain the confident segmentation mask by counting the positive responses from
all transformed masks.

Source image Transformed image Target image 

Source mask Transformed mask Target mask 

Sift flow vector 
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Fig. 1. We warp the source image to fit target image by sift-flow, so it is practicable
to warp the the segmented mask of the source image to get the mask of target image

Our experiments are conducted on the internet images gathered by Rubinstein
etc. We randomly select 100 images from each class along with their segmentation
masks as the basic concept model, and then select 200 images randomly as testing
examples.

2 Related Work

Rubinstein et al. [1] adopted saliency maps to detect the subject region and
eliminate the distracting contents in the images. However, when multiple objects
are presented in the image, the object belonging to the target concept might not
be highlighted or even covered by the saliency map because the other objects
might be much more salient within that image context. Thus, in such cases,
the Rubinstein’s algorithm could probably fail to locate and segment the target
semantic region correctly. In this paper, we adopt Rubinstein’s algorithm to get
a group of rough segmentations as a noisy concept model, and then apply it
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to propagate semantic labels to new images. We demonstrate that the potential
error and noises introduced by Rubinstein’s algorithm can be effectively handled
by cross-model discriminative enhancement.

Recent works of label propagation can be divided into three types. 1) prop-
agate labels of a image globally, which is weak tagging technique in traditional
image annotation research. 2) propagate labels of superpixels extracted from
images, which stronger and much more complex than 1). Some algorithms use
such kind of label propagation to detect and segment the objects, and use MRF
to smooth the segmentation mask. 3) propagate the label of each pixel in the
image, which is the strongest label propagation technique. The co-segmentation
proposed by Rubinstein[1] is based on this label propagation. Our algorithm is
also based on 3), in which we treat each segmentation mask as the label of each
pixel in the pre-segmented image.

3 The Model

Our algorithm is based on the pre-segmentation results of Rubinstein et al. [1]
which contains a small group of images and the images’ segmented binary mask.
A concept mode includes two components. One is images I = {I1, I2...In} =
{{I11 , I12 .....I1i }, {I21 , I22 .....I2i }, ....}, n=3 and i=100 . I was constructed by ran-
domly sampling the Internet images collected by Rubinstein [1]. The other com-
ponent is the semantic binary masks B = {B1, B2...Bn} = {{B1

1 , B
1
2 .....B

1
i },

{B2
1 , B

2
2 .....B

2
i }, ....}, n=3 and i=100 , which can be obtained by Rubinstein’s

algorithm.

3.1 Framework

As showed in Figure 2, we divide our algorithm into 2 stages. First, We calcu-
late the flow vector by using SIFT-Flow[2] between two images to transform the
masks to get the target image’s mask. Then, we combine all the transformed
masks into one confidence map for the target concept. Finally, we discuss how
to use cross-concept analysis to further refine the confidence maps. A good con-
fidence map have a strongly effect on accurate object segmentation. Based on
the final confidence map, we can use several algorithms like grab cut, graph
cut, or even using threshold to get the binary segmentation mask. We show
in the discussion section that our framework has a very flexible structure and
can also be easily extended to more complex scenarios such as multi-object
co-segmentation.
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Fig. 2. Stage 1,using sift-flow vector to get the transformed mask; Stage 2, do statistic
in transformed masks for confidence map;Stage 3, extended work

3.2 Mask Transformation

Previous algorithm use sparsity correspondence and sift[7] feature to match vi-
sual contents between images. Here, we use SIFT-Flow to match the pathes
between images. The objective function of SIFT-Flow is:

E =
∑

p∈X

(min(| Si(p)− Sj(p+W (p)) |, t)

+ η(| u(p) | + | v(p) |)
+

∑

(q,p)∈ε

(min(α | u(p)− u(q) |, d)

+min(α | v(p)− v(q) |, d)))

(1)

Si and Sj are SIFT feature maps of the testing image and the pre-segmented
images. p denotes a point in the testing image, p ∈ Si . w(p) is the flow vector
at point p.

Our algorithm can be regarded as a weakly supervised model based on pre-
segmented images and the corresponding binary masks. After constructing dense
correspondence between the images, we can take the flow vectors as the directions
along which the known labels are propagated. TB = {TB1, TB2...TBn} =
{{TB1

1, TB
1
2 .....TB

1
i }, {TB2

1 , TB
2
2 .....TB

2
i }, ....}.

TBn
i = Bn

i (p+Wn
i (p)) (2)
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According the hypothesis presented before, we will get several sets of trans-
formed masks which all probably contain the regions of objects that belong to
the corresponding class in the testing image.

3.3 Confidence Map

For each class, we choose 100 images from Rubinstein’s Internet image collection
randomly, which means the images and masks of our pre-defined concept model
are very diverse and noisy. Rubinstein et al. found that the images in common
class probably have the common objects[1]. Here, we count all the transformed
mask to dismiss the distracters and highlight the common semantic regions.

We consider each transformed mask TBn
i as a vote for all pixels in the testing

image on object class n. Therefore, the confidence map CM = {CM1, CM2, ...
CMn...} is the statistical result of voting.

CMn =
∑

i≤size(Cn)

(TBn
i ) (3)

where, Cn is the the nth object class and size(Cn) is the number of the images
in the object class.

After this stage, we get all class-specific confidence maps of the testing images.
The confidence map, as the result of our algorithm, is the mid-level representa-
tion of semantic segmentation. A simple way to segment the object is to use a
threshold such as expectation to binaryzation. As a considerable way to segment
the target object using confidence map, we found that the grabcut[8] is a good
choice to get binary segmented mask.

4 Experiment

The experiments are conducted on Rubinstein’s Internet Dataset. We imple-
mented Rubinstein’s approach using the default parameters [1] as the main
baseline.

4.1 Concept Localization

Similar with Rubinstein [1], we test our approach on three general concepts
including horse, car and air plane. In this test, we select 200 images per concept
as testing data and select 100 images to train the initial concept model.

ROC Test - We set threshold from 0 to 1 and stepwise is 1
64 to get the ROC

curve from the confidence maps. The results are shown in Figure 3. The y-axis
is true positive ratio

tpr =
Area(mask

⋂
Gtruth)

Area(mask
⋂
Gtruth) +Area(mask

⋂
Gtruth)
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(a) Results in car
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(b) Result in horse

Fig. 3. Results in one-object segmentation. The performance of our algorithm in the
one-object dataset is better.

and the x-axis is the false positive ratio

fpr =
Area(mask

⋂
Gtruth)

Area(mask
⋂
Gtruth) +Area(mask

⋂
Gtruth)

.
As shown in Figure 3.a, our algorithm get better performance than Rubin-

stein’s approach. Rubinstein et al. use saliency map and intra image, which is a
strong bias on their energy function and will cause potential overfitting of the
segmentation region. In contrast, our algorithm is based on label propagation, it
can lead to satisfied results when most of the pre-segmented masks are plausible.
As shown in Figure 3.b, the results of “horse” for both approach are worse than
those of “car”. We analysis the horse images and draw a conclusion that the
Internet images of “horse” is much more diverse than the other two classes. The
images might contain only the head of a horse, the body of a horse, or even a
group of horses. In some of the challenging cases, the horse are confused with
the background and thus hard to be found even by human observers. Figure 4
shows some examples of the confidence maps for “horse” and “car”.

4.2 Extended Experiment

we use the testing images combined with two objects car and horse. we get two
ROC curve in both car class and horse class as the same evaluating method used
in one object cut.

As shown in the Figure 5, when using Rubinstein’s algorithm to segment im-
ages with more than one object, the saliency map will misses some of or even
the whole part of the target objects and the distraction of the other objects will
probably lead to ambiguous segmentations. Our algorithm is based on proba-
bilistic voting, which tend to highlight the regions with the target object rather
than those with the other objects as long as most of the pre-segmented masks
are correct. Therefore, the segmented result of our algorithm is stably better
than Rubinstein’s.
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Fig. 4. Confidence map in horse and car. The second column is Rubinstein’s, the third
column is ours. Our confidence map is better by human observation.
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Fig. 5. Results in multi-object segmentation. The performance of our algorithm in the
multi-object dataset is better.

5 Discussion

By introducing cross-concept analysis, we can use the confidence map of other
concepts to eliminate the distractions from the other salient objects in the image
and thus provide a purer mask for the target object. Figure 6.a shows a typical
failure case in Rubinstein’s framework, where a car and horse are presented in the
same image and both objects are quite salient. The ROC curve shown in Figure
6.b is the result of the confidence map for horse dismissing the other concepts’
effect. The results demonstrate the effectiveness and potential of cross-concept
analysis for post noise removal.
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Fig. 6. After dismissing the other conceptions’ effect, the performance has improved

6 Conclusion

In contrast to previous algorithms, we bring in a novel way to use a small group
of roughly segmented Internet images to model general concepts and localize the
corresponding object in raw images. The paper has two major contributions: 1)
propose a simple yet stable way to model and segment concepts; and 2) provide
a novel cross-model approach to ensure the segmentation performance under
conceptual distractions. Transferring the label propagation by transforming the
segmented mask using sift-flow vector is a effective way to get target object la-
beled mask, and using belief voting by treating the transformed mask as a voting
for all pixels in the image is a effective and stable way to get clean confidence
map. We will do further research on how to use other objects’ confidence map
to refine the target map in large scale scenarios.
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