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Abstract

Most research on image decomposition, e.g. image seg-
mentation and image parsing, has predominantly focused
on the low-level visual clues within single image and ne-
glected the contextual information across different images.
In this paper, we present a new perspective to image decom-
position piloted by the multi-labels associated with individ-
ual images. Observing that the context information (i.e., lo-
cal label representations of the same label are similar while
those from different labels are dissimilar) exists across dif-
ferent images, we propose to perform image decomposi-
tion in a collective way, and then the image decomposition
problem is formulated as an optimization which maximizes
inter-label difference and at the same time minimizes intra-
label difference of the target label representations. Such
contextual image decomposition has a wide variety of ap-
plications, among which the two exemplary ones are: 1)
multi-label image annotation in which the sparse coding of
a query image over the bases consisting of all learned label
representations naturally produces the multi-label annota-
tion, and 2) label ranking in which the annotated labels are
re-ordered according to the sparse coding coefficients on
those learned label representations. It is worth noting that
these two applications can be performed simultaneously via
the label propagation process in sparse coding.

1. Introduction

Image decomposition, which parses an image into a set
of constitutive components (e.g., objects, parts, surfaces,
and primitives), is a fundamental and important step for
solving many high-level vision problems, such as scene un-
derstanding, object detection and recognition, and image
synthesis.

Most conventional approaches to image decomposition
focused on low-level visual cues, such as a bottom-up im-
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Figure 1. Observations on real-world images (from Corel dataset
[18]). The first row shows the original images and their la-
bels. The second row shows the visual representations of different
classes/labels, i.e., label representations. It is observed that la-
bel representations of the same class are similar while those from
different classes are dissimilar, which is what we refer to as “con-
text” in this paper. The optimal decomposition of images in terms
of high-level semantic should take both the multi-label setting and
context information into account.

age segmentation in which pixels are locally grouped on
the basis of their appearances [14] and a top-down image
parsing in which primitives (e.g., rectangles, sketches, and
edges) are correlated based on a few grammar rules [15].
Moreover, most of them treat each image as an independent
entity without considering the context information across
different images.

In this work, we present a novel approach to image de-
composition task driven by high-level contextual informa-
tion across different images. The proposed approach is mo-
tivated by the following observations on real-world images.

1. An image is typically associated with multiple labels,
and its visual representation reflects the combination
of the involved labels. Figure 1 shows some images
and their corresponding labels. It is observed that each
label corresponds to certain local patch in the image.
Therefore, the entire image representation can be de-
composed as a set of local label representations corre-
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sponding to the labels associated with an image.

2. Contextual information is embedded across different
images. From Figure 1, we can see in the second row
that the local representations of the same label, which
are grouped, depict similar visual appearance, while
those from different labels show to be different from
each other. Therefore, the decomposition of image can
be guided by this contextual information on the basis
of a sufficient collection of images.

In the proposed approach, the image representation is de-
composed to local label representations automatically with-
out explicit segmentation in a collective way 1 2. The
learned label representations should be representative, dis-
criminative, and comprehensive so that the original image
can be semantically recovered. As shown in Figure 2, an
image representation is a linear combination of local label
representations, each weighted by the presence of the cor-
responding label associated to this image. For example, the
first image can be decomposed into the linear combination
of the label representations of “cow,” “sky,” and “grass.” To
this end, we learn an optimal set of label representations
from a collection of training images by considering the con-
text information across images, and formulate it into an op-
timization problem by minimizing the intra-label difference
while maximizing the inter-label difference of all the label
representations.

The derived label representations can be used in many
high-level vision tasks. Figure 2 shows two exemplary ap-
plications: multi-label image annotation and label ranking.
In the first application, multi-label image annotation can
be achieved based on the sparse representation classifica-
tion (SRC) theory which estimates the labels of a testing
image by considering it as sparse coding, derived by �1-
reconstruction [16], of all the learned label representations
from the training images. In the other application, the sparse
coding coefficients naturally indicate the relevance of the la-
bels to the test image. We have evaluated these applications
on two widely adopted image benchmarks, Microsoft Re-
search Cambridge (MSRC) and Corel image datasets.

It is worth noting that our approach to multi-label image
decomposition is different from conventional image seg-
mentation and parsing in that the proposed contextual im-
age decomposition is driven by high-level visual problems
such as image annotation rather than pixel-based primitive

1We denote the local representation which corresponds to one of the la-
bels associated to the image as “label representation” to differentiate “im-
age representation” which indicates the visual representation of the whole
image.

2The visual representation comes into a variety of forms. For example,
the Bag-of-Words (BoW) is an effective representation by considering the
distribution of local features [20], the color histogram, and so on. In this
paper, we adopt the BoW for visual representation owing to its robustness
to scale and rotation.
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Figure 2. Illustration of the main idea of contextual image decom-
position. The learning stage decomposes the image representa-
tions into a set of local label representations. Given the learned
label representations, we have a variety of applications based on
the sparse coding of SRC, such as multi-label image annotation
and label ranking. It is worth noting that no segmentation is re-
quired in this proposed approach.

grouping [14] [15]. Furthermore, we leverage the context
information which is a common observation on real-world
images but neglected in conventional approaches. From
this point view, it is a kind of collaborative approach to
decompose images. From the application perspective, our
approach to multi-label image annotation is essentially dif-
ferent from the existing works in which a time-consuming
and error-prone segmentation step is required [7] [17] [19].
Moreover, we can achieve label ranking which reords the
labels in terms of importance or relevance to image content,
and cannot be well obtained by the state-of-the-art annota-
tion approaches and has not been deeply studied yet.

2. Related Works

The related works to this paper include those for tra-
ditional image decomposition such as image segmentation
and parsing, as well as the applications based on image de-
composition such as multi-label image annotation and label
ranking.

2.1. Image Segmentation and Parsing

In a broad view, image decomposition can be regarded
as transforming a two-dimensional signal using a sequence
(cascade) of bottom-up filters. Traditional image decom-
position includes image segmentation which solves the per-
ceptual grouping of pixels based on the local appearances
[14] and image parsing which poses an image into its con-
stituent local patterns in a hierarchical tree [15]. However,



most of them have focused on low-level vision tasks. In
other words, the filters in previous approaches are designed
in a bottom-up manner on the basis of low-level appear-
ance. Moreover, they treat each image independently with-
out considering the semantic correlation or context across
multiple images. As a result, the bottom-up decomposition
approaches achieved limited success, especially in high-
level vision applications.

The proposed contextual approach in this paper is a new
perspective to image decomposition which is driven by un-
derstanding the real-world images with multiple labels, and
collaboratively leveraging the context information across
different images.

2.2. Multi-Label Image Annotation

Recently, with the popularity of photo sharing sites like
Flickr [1], multi-label image annotation is becoming in-
creasingly important owing to the great potential in auto-
matically tagging images with related labels. Conventional
image classification methods usually consider an image as
an entity associated with only one label in model learning
stage [3]. One can do multi-label classification using this
kind of methods by running the binary classifier on the im-
ages for each label one by one. However, a real-world im-
age usually contains multiple classes rather than a single
one. The image representations are therefore not effective
to capture the multi-label characteristics, which in turn de-
fects the performance of multi-label classification.

Methods modeling the relation between labels and re-
gions were also proposed, usually based on the multi-
instance learning (MIL) framework [11]. An image is re-
garded as a bag and then divided to sub-images or segments.
With labels at the image level rather than region level, MIL
finds which sub-images contribute to which labels of the
image. Conventional MIL approaches mainly focus on the
single label problems. To solve the multi-instance multi-
label problem, methods were proposed to simultaneously
model the relations between the labels and regions, as well
as the correlations among the multiple labels [19, 21]. In
these MIL methods, image segmentation is an indispensable
step, which is still error-prone and significantly augments
the computational cost. Although recent works have at-
tempted to simultaneously perform image segmentation and
annotation [4, 12], a preprocess step of over-segmentation is
still critical in these methods. The application to multi-label
image annotation on the basis of the decomposed label rep-
resentations in this paper does not require a segmentation
step. Instead, the proposed data decomposition approach
can be regarded as a kind of implicit segmentation process.

2.3. Label Ranking

Most existing photo sharing sites only contain a list
of orderless tags associated with each image. The differ-

ent importance or relevance degrees of these tags are ne-
glected, which limits the effectiveness of these labels in im-
age search and other applications. Although a recent work
has proposed to mine the ranking information based on cor-
relative visual information [10], it is assumed that the labels
of each image are given. Simultaneous image annotation
and label ranking still remain a challenge problem.

3. The Approach

3.1. Feature Representation

In this work, the images and regions are represented us-
ing the BoW [20]. A set of local features are extracted from
each image or region. Then a visual vocabulary is learned
by k-means clustering over the training features, where each
cluster centroid is set as a visual word. Assigning each fea-
ture to its nearest visual word and counting the occurrence
number, we can represent an image by a histogram of vi-
sual words. The number of visual words is set as 500 in the
experiments for the tradeoff of classification accuracy and
computational cost. Local patches centering on a regular
grid with spacing 8 pixels are extracted as the features and
their descriptors are computed. The texton histogram de-
scriptor [9] encoding texture and color information is used
to represent the local features. Pixel features from the re-
sponse of several filter banks are clustered to textons and
the normalized texton histogram within a segmented local
region is computed as the descriptor. In the experiments,
200 textons are used and the descriptor therefore is with
200 dimensions.

3.2. Problem Formulation

Given N training images with multi-labels, we aim to
derive the representations for the labels from the image rep-
resentations. Let n ∈ {1, . . . , N} denote the training im-
ages and c ∈ {1, . . . , C} denote the label classes. For a
specific image n, its representation can be calculated as a
K-dimension normalized vector vn ∈ RK with ||vn||1 = 1,
where K is the dimension of the BoW. The labels of this
image are denoted in a vector ln ∈ RC with only 0 or 1
elements:

lnc =
{

1 if label c is contained in image n;
0 if there is no label c.

Let a K-dimension vector rnc ∈ RK denote the representa-
tion of the corresponding part for the c-th label in image n.
The vectors {r} for representing all the non-zero labels in
the N images are the objective to be computed.

The image representation vn can be written as the lin-
ear combination of the label representations in the image as



shown in Figure 2, which is formulated as follows:

∀n,
{

vn =
∑C

c=1,lnc =1 rnc .
rnc (k) � 0, k ∈ {1, ...,K}, c ∈ {1, ..., C}. (1)

Note that rnc s are not normalized and ||rnc ||1 ∈ [0, 1]. ||rnc ||1
can be considered as the portion of the region of label c in
image n. Eq. (1) encloses the information on training set,
i.e., different combinations of label representation result in
different observations of images.

Since label representations of the same label should be
similar to each other while those of different labels should
be dissimilar, the optimal vectors {r} are obtained by min-
imizing the objective function defined in terms of minimiz-
ing intra-label difference while maximizing inter-label dif-
ference as follows:

N∑
n=1

C∑
c=1,lnc =1

{
N∑

m=1,lmc =1

|| rn
c

|rn
c | − rm

c

|rm
c | ||22

Mnc

−η
N∑
m=1

C∑
c′=1,c′ �=c,lm

c′=1

|| rn
c

|rn
c | −

rm
c′

|rm
c′ |

||22
M ′
nc

}
, (2)

where the first part measures the intra-label difference and
the second part measures the inter-label difference for all
the label representations of the training images, and η is a
weighting factor. Mnc and M

′
nc represent the number of

samples from class c and the number of samples of other
classes. Considering Eq. (2) and Eq. (1) together, the prob-
lem is formulized as an constrainted optimization problem
where Eq. (1) serves as the constraints. In the next we will
give the solution to Eq. (1).

3.3. Learning to Decompose

To solve the optimization problem defined by Eq. (2)
with the constraints from Eq. (1) directly is computation-
ally intractable for large training set, since each image in-
troduces a set of constraints in Eq. (1) and additional com-
putation costs for Eq. (2). Here we adopt an iterative proce-
dure described in Algorithm 1 which optimizes the objec-
tive function with respect to one image each time.

As in step 3 of Algorithm 1, for the current processing
image n, assuming the decomposed label representations
from other images, i.e. {rmc },m ∈ {1, . . . , N},m �= n,
are known. the optimal {rnc } for this image is obtained by
minimizing the following function:

F ({rnc }) =
C∑
c=1

{
N∑

m=1,lmc =1

|| rn
c

|rn
c | − rm

c

|rm
c | ||22

Mnc

−η
N∑
m=1

C∑
c′=1,c′ �=c,lm

c′=1

|| rn
c

|rn
c | −

rm
c′

|rm
c′ |

||22
M ′
nc

}
. (3)

Algorithm 1 Contextual image decomposition algorithm
1: Input N training image representations with labels

{vn, ln}Nn=1. Initialize representations for all the labels
{rnc }, n ∈ {1, . . . , N}, as rnc = vn

C′ , where C′ is the
number of nonzero elements in ln.

2: For each image n one by one, fixing {rmc } of other im-
ages, m ∈ {1, . . . , N},m �= n, calculate optimal {rnc }
by Algorithm 2 and update the label representations.
Sum up the decrease of the objective function for all
the images.

3: If the decrease of objective function is smaller than a
threshold, go to step 3. Otherwise go to step 2.

4: Output the decomposed label representations from the
N images {rnc }, n ∈ {1, . . . , N}.

Algorithm 2 Datum-wise iterative optimization procedure
1: Input the temporary label representations of the n-

th image {rnc } and other images {rmc }, m ∈
{1, . . . , N},m �= n. Set the iteration counter k = 1.

2: Update {rnc } by {rnc }(k+1) = {rnc }(k)−λ· ∂ψ
∂{rn

c } , where
λ is the step length of the gradient descent algorithm.
Here is a search process for a proper λ:

2.1 initialize a λ;
2.2 calculate {rnc }(k+1);
2.3 check whether the objective function ψ de-
crease, if not, set λ = λ/2 and go to step 2.1.

If the penalty item is smaller than a threshold at current
{rnc }(k+1) while the decrease of objective function is
smaller than a threshold, go to step 3; otherwise set k =
k + 1 and go to step 2.

3: Output the result {rnc }.

It is a nonlinear constraint optimization problem to mini-
mize F while satisfying the constraints in Eq. (1). It can be
solved by an exterior penalty function method, which con-
verts the problem to an equal non-constraint form by includ-
ing the constraints as penalty components [2]. As a result,
we can get a non-constraint form ψ({rnc }) to minimize:

ψ({rnc }) = F ({rnc }) + ε ·
{
||vn −

C∑
c=1,lnc =1

rnc ||22

+
C∑

c=1,lnc =1

K∑
k=1

[min
(
0, rc(k)

)
]2

}
. (4)

It can be seen that the penalty components equal to the min-
imum 0 when {rnc } satisfies the constraints, therefore the
optimal {rnc } for Eq. (3) is also the optimal solution to ψ.
ε is a penalty factor which forces the solutions to satisfy
the constraints. If ε is set too small, the constraint func-



tion cannot influence the result effectively. If it is set too
large, it causes the difficulties to the minimization of the
penalty component. Therefore, usually a series of values
{εk} from small to large are adopted in turn in an itera-
tive optimization process. Optimization by exterior penalty
function method is taken in the whole RK space and the
initialization is not limited. Theoretically the global optimal
solution can be obtained with proper settings [2]. The gra-
dient descent method is adopted to minimize the objective
function of Eq. (4). It is an iterative procedure described
in Algorithm 2. The proposed method can minimize the
objective value while satisfying the constraints.

4. Applications

The proposed contextual image decomposition algo-
rithm can be applied in many applications, e.g. multi-label
image annotation and label ranking. Given the decom-
posed label representations of the N training images, i.e.,
{rnc }, n ∈ {1, . . . , N}, and a test image with image repre-
sentation vy, we introduce how to predict its associated la-
bels, i.e., nonzero elements of its label vector ly , and at the
same time provide the ranking order of these labels based
on the recently proposed SRC method [16].

The SRC assumes that images from a single class lie in a
linear subspace, which is consistent with our proposed con-
textual image decomposition in which image representation
is the linear combination of label representations. Here we
arrange the normalized label representations as column vec-
tors of the matrix R = [r1, . . . , rÑ ] ∈ RK×Ñ , and let

Rc ∈ RK×Ñc denote the submatrix of Ñc label representa-
tions of the c-th class/label. Given sufficient label represen-
tations decomposed from the training images, a test image
vy of the c-th class will approximately lie in the linearly
spanned space of the label representation from the same
class: vy = Rcxc, where xc ∈ RÑc is a vector of coeffi-
cients. If express vy in terms of the entire training set R:

vy = Rx, (5)

then x = [0 . . . xTc . . . 0]T ∈ RÑ is a vector with only en-
tries associated with the corresponding class c as nonzero.
Seeking for a sparse representation, [16] solves the problem
by minimizing the �1 norm of the vector x and the residual
of linear approximation e = vy − Rx. If vy = Rx + e, and

vy = [R I][
x
e
] = Bw, (6)

then the �1 minimization solution is obtained by

ŵ1 = arg min ||w||1, s.t. Bw = vy. (7)

Denote the label vector of the test image as ly , then based
on the linear approximation of SRC, the resulted coeffi-
cients vector x should ideally have zero entries except for
those corresponding to the right labels. The classification
therefore can be performed by

ly(c) =

j
1, if ||xc||1 > 0,
0, otherwise.

The resulted coefficients associated with a class reflects
how much the image can be linearly approximated by sam-
ples of this class. In the proposed contextual image decom-
position algorithm, the rnc in section 3 is normalized, we can
evaluate the relevance of label c by:

P (c) = ||xc||1. (8)

The rank of multiple labels is obtained simultaneously with
the image annotation according to this relevance. The pro-
posed label ranking can be taken not only for test images,
but also for the training images based on ||xc||1.

The SRC method has several advantages for these two
tasks comparing to conventional classifiers such as Support
Vector Machine (SVM): 1) multi-label inference and rank-
ing are taken simultaneously while SVM needs to conduct
multiple binary classifications, which causes the computa-
tional complexity to increase when the number of classes
increases; 2) SRC does not need training while SVM clas-
sifiers have to be re-trained if there are new training sam-
ples or new classes; and 3) SRC can predict non-zero labels
naturally with the sparse representation while SVM gives
probabilities for all the classes.

5. Experiments

5.1. Experimental Setup

The first dataset used in the experiments is the MSRC
image database [13] which contains 591 images from 23
classes. Around 80% images are associated with more than
one label and there are around three labels per image on
average. However, some classes have only few positive
samples, and some are only coarsely associated with one
or few labels. We select a subset of the database, focus-
ing on relatively well labeled classes, yielding 355 images
and 14 different classes: “building,” “grass,” “tree,” “cow,”
“sheep,” “sky,” “mountain,” “airplane,” “water,” “car,” “bi-
cycle,” “bird,” “road,” and “boat.” The MSRC dataset also
provides pixel level ground truth. We randomly split the
dataset into two equal subsets for training and testing with
the consideration that each class has enough samples in
the training set. The second dataset is a subset of the
labeled Corel database used in [18]. This set contains
674 labeled images with 11 labels: “Sky,” “Waterscape,”
“Mountain,” “Grass,” “Tree,” “Flower,” “Rock,” “Earth,”



“Ground,” “Building Material,” and “Animal Skin”. This
dataset is also split into the training and test subsets in the
same way as in the MSRC dataset. These two datasets do
not provide the label rank information. To evaluate the per-
formance in label ranking, we manually rank the labels for
each test image as the ground truth according to the region
size and conceptual importance. Area under ROC curve
(AUC) is adopted to measure the performance of multi-label
image annotation.

Previous works have not addressed the problem of im-
age label ranking. To measure the performance, we define a
weighted normalized discount cumulative gain (WNDCG)
based on the normalized discount cumulative gain (NDCG)
[8], which is widely used in evaluating information retrieval
systems. Given some relevant keywords and a list of ranked
retrieval results of length L, the discount cumulated gain
(DCG) is

∑L
i=1 ω(i)�(i), where �(i) = 1 if the i-th retrieval

result is relevant, and �(i) = 0 otherwise. ω(i) is a weight-
ing factor assigning top ranked results the highest weights.
ω(i) = 1 when i < b, and ω(i) = log(b)/ log(k) other-
wise where b is a constant number (here b = 2). Denoting
the DCG value of the best resultant list as DCG best for
normalization, NDCG is obtained by

NDCG =
1

DCG best

L∑
i=1

ω(i)�(i). (9)

In this work, considering the labels of an image have differ-
ent relevance degrees, we define the WNDCG by assigning
them different weights �̃(i). Given an image with a list of
ranked labels of length L̃, �̃(i) = L̃−r+1 if the i-th retrieval
label is ranked as the r-th relevant in the ground truth, and
�̃(i) = 0 if the i-th result is not relevant. The WNDCG is
then obtained by

WNDCG =
1

WDCG best

L∑
i=1

ω(i)�̃(i). (10)

In the experiments, three representations are compared:
1) Im Rep: BoW of the image as in [20], for each label, all
the training images associated with this label are collected
as the training samples; 2) Reg Rep: labeled region rep-
resentation, since the MSRC dataset provides region-level
labels, we crop the labeled regions out from the training im-
ages as the training samples; and 3) DC Rep: our proposed
contextual image decomposition, we use the decomposed
label representations from the training images as training
samples. Note that the Reg Rep is not applied to the Corel
dataset, since this dataset does not provide the region-level
labels.

Besides the adopted SRC, the SVM classifier is also ap-
plied in experiments to extensively study the effectiveness
of the decomposed representations. As aforementioned,

SVM has several disadvantages in multi-label image anno-
tation and label ranking applications, it however offered the
state-of-the-art classification performances in many tasks.
The libSVM library [5] is used and linear kernel is adopted.
Probabilities for the multiple classes can be yielded for
AUC calculation and label ranking. Moreover, the recent
proposed Multi-Label Multi-Instance Learning (MLMIL)
[19] algorithm for multi-label classification is also com-
pared here. For MLMIL, the same setting as [19] was used.

5.2. Multi-label Image Annotation Results

Table 1 lists the image annotation performance of differ-
ent algorithms on the MSRC dataset. Furthermore, each test
image is then segmented to 20-30 regions and each region
is associated with a single label according to the pixel-level
ground truth. In Table 2, we evaluate the performances of
these algorithms for region annotation. The comparison of
image annotation performances of different algorithms on
the Corel dataset is given in Table 3.

The proposed DC Rep shows to be the best in image an-
notation tasks, and superior to the conventional Im Rep in
all the cases. In the region annotation task the Reg Rep
yields the highest performance, but note that it requires the
region-level supervision. With SVM, the Im Rep shows
high performance for image annotation while the Reg Rep
shows to be poor. Since in the MSRC dataset the back-
ground scenes are similar for a class, while the pure re-
gions of some classes have high variation, such as “bird”
and “boat”. The Im Rep+SVM utilizes the background in-
formation in classification while the Reg Rep does not. The
proposed DC Rep achieves the best performance since it re-
alizes a reasonable trade-off between Im Rep and Reg Rep,
i.e., certain noise in Im Rep is excluded while the intra-
label variation in Reg Rep is decreased. Figure 3 illus-
trates the detailed results for individual labels of the MSRC
dataset. Comparing to the MSRC dataset, images in the
Corel dataset have various background, while our proposed
method can learn representations more representative than
Im Rep, it yields better performance. Also the complete-
ness of labels for the images in this dataset makes our pro-
posed method more suitable, i.e, Eq. (1) can be well satis-
fied. Figure 4 illustrates the detailed results for individual
labels of the Corel dataset.

The SRC obtains similar AUCs as SVM when using
DC Rep for the theoretic coincidence of linear combina-
tion. It also cooperates well with the ground truth Reg Rep,
which validates our assumption. The Im Rep+SRC shows
very poor performance when each image is considered as
a whole in training, since in this case there is some over-
lap between the linear subspaces of samples from different
classes. From these results, we can observe that SVM is
generally better than SRC in annotation performance. How-
ever, since SRC is influenced much by the number of train-



Table 1. The image annotation average AUCs on the MSRC
dataset of different methods. Note that MLMIL yields 0.868.

Classifier Im Rep Reg Rep DC Rep
SVM 0.901 0.791 0.910
SRC 0.417 0.824 0.883

Table 2. The region annotation average AUCs on the MSRC
dataset of different methods. Note that MLMIL yields 0.827.

Classifier Im Rep Reg Rep DC Rep
SVM 0.793 0.911 0.832
SRC 0.439 0.875 0.802

Table 3. The image annotation average AUCs on the Corel dataset
of different methods. Note that MLMIL yields 0.699.

Classifier Im Rep DC Rep
SVM 0.795 0.831
SRC 0.523 0.828
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Figure 3. The AUCs of 14 classes of the MSRC dataset using
MLMIL, Im Rep, Reg Rep and our proposed DC Rep.
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Figure 4. The AUCs of 11 classes of the Corel dataset using
MLMIL, Im Rep, Reg Rep and our proposed DC Rep.

ing samples when approximating the test image by linear
combination, it could perform better with larger number of
training images. The performances yielded by MLMIL on
these datasets are lower than our proposed method. Further-
more, the JSEG segmentation used in MLMIL takes about 3
seconds for each image in the MSRC dataset, while our pro-
posed method does not need segmentation for multi-label
image annotation and can finish in about 0.01s (2.4GHz
quad CUP and 3G RAM; not including feature extraction
time).

Table 4. Label ranking WNDCGs on the MSRC dataset of differ-
ent methods. Note that MLMIL yields 0.775.

Classifier Im Rep Reg Rep DC Rep
SVM 0.788 0.751 0.832
SRC 0.653 0.798 0.820

Table 5. Label ranking WNDCGs on the Corel dataset of different
methods. Note that MLMIL yields 0.771.

Classifier Im Rep DC Rep
SVM 0.726 0.766
SRC 0.654 0.767

5.3. Label Ranking Results

Table 4 and Table 5 show the WNDCGs of label ranking
using different methods on the two datasets. The proposed
DC Rep shows to be superior to others for its good rep-
resentative and discriminative property. The similar back-
ground information does not help to rank amongst the la-
bels that the image contains, therefore comparing to the
multi-label classification, in this task the proposed DC Rep
achieves more improvement on the MSRC dataset. Again
we can see Im Rep does not coincide with the SRC, and for
other representation methods SRC shows similar or better
performance than SVM. Furthermore, SRC can reasonably
predict the true number of relevant labels with its sparse so-
lution while SVM can not. The proposed DC Rep shows
higher ranking performance than the other.

Figure 5 gives the multi-label annotation and ranking re-
sults for some sample images of various scenes from the
MSRC dataset and the Corel dataset respectively. With the
proposed DC Rep and SRC, multi-label annotation and la-
bel ranking can be done simultaneously and the nonzero la-
bels are automatically given. The results show to be promis-
ing and the proposed method can be useful for several ap-
plications.

6. Conclusions and Future Works

Conventional approaches to image decomposition heav-
ily rely on the local appearance and neglect the context
information across multiple images. We have developed
a contextual image decomposition approach from the per-
spective of high-level vision tasks. The decomposed label
representations can be naturally applied to multi-label im-
age annotation and label ranking applications. It is worth
noting that in contrast to many existing approaches to multi-
label image annotation in which segmentation is a funda-
mental step, we can achieve multi-label annotation as well
as label ranking without the employment of explicit image
segmentation. The possible future works include the in-
vestigation of different visual representations in addition to
the Bag-of-Word and applying the proposed approach to a
larger-scale real-world dataset like Flickr [1].
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Figure 5. Sample results of multi-label image annotation and rank-
ing on the two datasets using DC Rep+SRC.
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