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Abstract

extract the categorized objects from a collection of images. Tu [12] learns the auto-context model on a large
number of labeled images (at the pixel level). Previously, Wang et al. [14] incorporated it in an energy minimization framework for automatic object segmentation
from a single image, where the auto-context model is iteratively estimated from a single image. In contrast, in
our new approach, the auto-context model is trained on
all images of the image collection without the need of
pixel level labels for training the model. Intuitively, it is
able to exploit a large amount of contextual information
from the image collection, which facilitates more robust
object/background segmentation.
Our objective is to achieve a fully automated system. Hence, we resort to a generic visual saliency
model [5] to generate the initial segmentations of the
images, and they together are used to train the initial
Boosting classifier of the auto-context model. Meanwhile, we train an appearance model for each image.
Once the first auto-context model and all the appearance models are obtained, we perform graph-cut (i.e.,
min-cut/maxflow) [3, 2] for each image.
All the new segmentations are then utilized to update the image independent auto-context model by incremental learning [9]. The new segmentation of each
image serves to update the corresponding image dependent appearance model. This process iterates until all
the images have been segmented, which returns not only
all the objects extracted from all images, but also a single auto-context model learned on all images by incremental learning. This auto-context model can indeed
be applied to recognize the same type of object in new
images. Fig. 1 illustrates the overall framework.
We intended to build the enabling technologies to automatically segment salient objects from a collection of
images in the same visual category. This is achieved
by casting the learning of a single auto-context classifier (i.e., an object category classifier) on the image collection incrementally in an energy minimization framework without the need of pixel labels. We highlight our

We propose a method for automatic segmentation
of categorized objects from a collection of images in
the same category, which employs a single auto-context
model learned from all images without the need of using pixel level labels. Instead of extracting the salient
objects from each image one by one, we extract the objects from all images simultaneously. The segmentation
of the salient objects is iteratively performed, where the
auto-context model is incrementally learned based on
new segmentations of all images at each iteration. Upon
convergence, we obtain not only the clean segmentations of the salient objects, but also an auto-context
classifier learned on all images which can readily be exploited to segment categorized object from a new image.
Our experiments validated the efficacy of our proposed
approach.

1. Introduction
Providing a single image, several previous work can
be used to extract the salient object, either in an interactive fashion [7, 11] or automatically [6, 14]. When
fed with a collection of images in the same object category, they may be leveraged to perform extraction of the
salient objects from the images one by one. Because of
this single image modeling, they either only model the
appearance cues, and/or a small amount of biased high
level information (such as shape [13] or context [14])
existed in a single image. This obviously neglected beneficial categorized information across the collection of
images. Intuitively, the categorized information such as
spatial context should provide valuable information for
object segmentation and recognition [12, 14], especially
when one tries to extract the categorized objects from a
collection of images.
In this paper, we further extend the auto-context
model originally proposed by Tu [12] to simultaneously
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an auto-context model and an appearance model, respectively. The auto-context model is learned on all images of the image collection I. The appearance model
is updated only based on the single target image Ik , and
it is the same as the one built in [14] by fusing color and
intensity. Moreover, ωpq δ(Lkp , Lkq ) is the spatial prior
term to incorporate boundary constraints, where ωpq is
computed based on the edge probability map from Martin et al. [8], and δ(Lkp , Lkq ) is a Dirac delta function.
Intuitively, an iterative optimization process is
needed to achieve an automated program to segment
categorized objects from the image collection. Hence,
we first initialize the segmentations of the images by
using a generic visual saliency model [5], and then
to jointly estimate the segmentations, the single autocontext model and the appearance models, iteratively.

Figure 1. The flowchart of our automated image collection segmentation system.

key contributions as follows.
• An automatic computational framework to perform concurrent categorized object segmentation
from a collection of images.
• An object recognition model incrementally learned
without manually labeled data, which can help segmenting the object out of the image.

2.2

The auto-context model builds a multi-layer Boosting classifier on image features and context features surrounding a pixel to predict if this pixel is associated
with the target concept, where subsequent layer is working on the classification maps from the previous layer.
Please refer to [12, 14] to check the details of the autocontext model.
In the first round of our iterative learning process,
the training set for the auto-context model is built on all
images of the image collection as

We present our problem formulation in Section 2, the
implementation details in Section 3, and the experimental results and discussions in Section 4. Finally, we conclude in Section 5.

2. Problem Formulation
In this section, we give the problem formulation for
automatic image collection segmentation and the autocontext model.

2.1

S1 = {(L1 , Op0 )|p ∈ Ik , k = 1, . . . , K},
where L1 = {L1k , k = 1, . . . , K} is the initial image labeling set, i.e., the initial segmentation maps of all
images, obtained by jointly using a visual saliency
model [5] and an adaptive selection mechanism de0
signed in [14]. Op0 = {Okp
|p ∈ Ik , k = 1, . . . , K} denotes the patches on the sampling structure of the autocontext model centered at pixel p in all images, which
is sampled from the discriminative probability map set
P 0 = {P0k , k = 1, . . . , K}. Here, we directly use the
saliency map generated by a visual saliency model [5]
as the probability map P0k = {p0kp |p ∈ Ik } for image Ik .
The saliency values are used as the discriminative probabilities p0kp , which denote the contextual cue. The segmentation maps, discriminative probability maps and
the sampling structure of the auto-context model are illustrated in Fig. reffig:framework.
After the first classifier is learned on the probabilities of patches Op0 of the sampling structure sampled
on the probability maps of all images, the learned classifier output the new discriminative probability maps
P1k = {p1kp |p ∈ Ik } for each image Ik , and they together construct the new discriminative probability map

Energy Function

Our image collection segmentation is cast into
an energy minimization framework.
Given an
image collection I = {Ik , k = 1, . . . , K} including K images in the same category, where Ik is
the kth image. Our objective is to find an image labeling set L = {Lk , k = 1, . . . , K}, where
Lk = {Lkp |p ∈ Ik } is the labeling for image Ik , and
Lkp ∈ {background(= 0), f oreground(= 1)}
denotes a binary label for each pixel p in image Ik . Then,
our energy function for image collection segmentation
becomes
X
X
E(Lk ) =
Cp (Lkp ) +
Dp (Lkp )
p∈I

+λ

X

p∈Ik

ωpq δ(Lkp , Lkq ),

(p,q)∈Nk

k = 1, . . . , K,

Auto-context Model

(1)

where Cp (Lkp ) and Dp (Lkp ) compose the data term,
denoting the cost for assigning label Lkp to pixel p from
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Table 1. Example of one round of the iterative process
of incrementally learning the auto-context model.
Input: the image collection I = {Ik , k = 1, . . . , K}, the
segmentation map set Lt−1 = {Lt−1
k , k = 1, . . . , K}
and the discriminative probability map set P t−1 =
{Pt−1
k , k = 1, . . . , K} from previous iteration t − 1.
1. Construct a training set

discriminative probability maps (estimated by the autocontext model) of all images from previous iteration
by incremental learning [9], which is able to learn additional contextual information while preserves previous acquired contextual information. In fact, as the iteration proceeds, the segmentation map (i.e., the image labeling) varies and approaches to the ground truth,
hence, it is very necessary to update the auto-context
model while preserving the effective contextual information learned. The appearance model and the spatial
prior term are updated based on the segmentation map
of each target image, as mentioned in Section 2.1.
Then, we minimize the energy function in Eg(1) for
each image using max-flow [4]. Naturally, the contextual information existed in all images of the image collection can be employed for segmentation of each image. This process iterates until each minimization converges. Fig.1 illustrates the flowchart of our automated
image collection segmentation system.

St = {(Lt−1 , Opt−1 )|p ∈ Ik , k = 1, . . . , K}
2. Train a classifier on context features extracted from
Opt−1 .
3. Use the trained classifier to compute new discriminative probability map Ptk = {ptkp |p ∈ Ik } for each image
Ik .
Output: the auto-context model trained on the image collection by incremental learning at current iteration t
Cpt (Ltkp ) = ptkp = p(Ltkp |Opt−1 )

set P 1 = {P1k , k = 1, . . . , K}. The auto-context model
Cp (Lkp ) in Eq(1) is then updated as

4. Experiments and Discussions

Cp1 (L1kp ) = p1kp = p(L1kp |Op0 ),
X
Cp1 (L1kp ) = 1,

We tested our method on the Weizmann horse
database [1], which is one of the popular image segmentation benchmarks consisting of 328 images along
with manually annotated label maps. We segment all
images in it using our method simultaneously.
Experiment 1. Performance of our method. In Fig. 2,
we illustrate some segmentation results tested on the
Weizmann horse database [1]. Empirical results show
that our method is able to extract the intact horses, even
in the case of dramatic changes of their shape and size,
and the complex background.

L1kp

∀p ∈ Ik , k = 1, . . . , K.

(2)

From the second round of the iterative learning process, we construct the training set as the same as the first
round. Then a new classifier is incrementally trained
on the probabilities of patches of the sampling structure
sampled on the discriminative probability map set P 1 .
The auto-context model is then updated as in Eq(2).
We give an example in Table 1 to illustrate one round
of the iterative process of incrementally learning the
auto-context model. This process iterates until convergence, where the discriminative probability maps are
not changing anymore. Actually, in our formulation,
the auto-context model is iteratively updated seamlessly
with the iterative energy minimization of Eq(1).

3. Implementing the Algorithm
We first use a visual saliency model [5] to generate the saliency map for each image, and then use an
adaptive selection mechanism in [14] to select the most
salient region of the saliency map as the initial segmentation of the salient object for each image.
In each iteration of our algorithm, we first update the
auto-context model, the appearance model and the spatial prior term. In particularly, the auto-context model
are learned based on the segmentation maps and the

Figure 2. Results on Weizmann horse dataset [1].

According to the experimental results, we find that
the energy function always converges within 17 iterations. The running time of each iteration are several
hours, and the whole dataset segmentation needs about
two days with our Matlab implementation tested on a
computer of 2.99 GHz CPU and 2.0 GB RAM.
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Experiment 2. Performance evaluation. We also
recision
compute the average F −measure = 2·Recall·P
Recall+P recision
on the entire Weizmann horse dataset [1], and compare
the average F-measure scores with various methods, including Tu [12] and Ren et al. [10]. Here, we implement two versions of our method, one uses the autocontext model learned on all images of the dataset, and
the other just uses the auto-context model learned on
the single target image. As shown in Table 2, the average F-measure of our standard method is 0.8724, which
outperforms Tu’s methods, Ren et.al’s methods and our
method using the auto-context model learned on one
image. This manifested the efficacy of both the autocontext model learned on all images and our method.

Figure 3. 1st row: images from the Weizmann horse
dataset [1]. 2nd row: segmentation results by using the
auto-context model learned on the single target image.
3rd row: segmentation results by using the single autocontext model learned on all images of the dataset.

Table 2. F-measure scores of our method, Tu’s methods
and Ren et al.’s methods tested on the Weizmann horse
dataset [1].
Algorithms
F-measure
Our method
0.8724
Our method using the auto-context model
0.8432
learned on one image
Auto-context (PBT)
0.84
L+M+H (Ren et al.)
0.83
Auto-context (Thresholded)
0.80
PBT
0.79
L+M (Ren et al.).
0.66

Figure 4. 1st row: images from Google. 2nd row:
recognition results by our auto-context classifier. 3rd
row: segmentation results by our method.
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In addition, we give some comparison results obtained by two versions of our method in Fig. 3, which
clearly demonstrate that the single auto-context model
learned on all images of the dataset is more effective
than the one learned on the single target image.
Experiment 3. Collecting labeled and segmented images. We collect horse images from Google, which
are different from the images in the Weizmann horse
dataset. We first use our auto-context classifier learned
on the Weizmann horse dataset to recognize the horses,
and then use our method to segment the images. Results
in Fig. 4 demonstrate that our method is able to collect
labeled and segmented images from Web images.

5. Conclusion
We present an automatic image collection segmentation method, which is able to segment the salient objects
from all images simultaneously. This is benefited from
a single auto-context model learned on all images of the
image collection. Empirical results on the segmentation
benchmark demonstrated the superb performance of our
method.
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