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Bag-of-visual Words (BoW) image representation has been illustrated as one of the most promising solu-
tions for large-scale near-duplicated image retrieval. However, the traditional visual vocabulary is cre-
ated in an unsupervised way by clustering a large number of image local features. This is not ideal
because it largely ignores the semantic and spatial contexts between local features. In this paper, we pro-
pose the geometric visual vocabulary which captures the spatial contexts by quantizing local features in
bi-space, i.e., in descriptor space and orientation space. Then, we propose to capture the semantic context
by learning a semantic-aware distance metric between local features, which could reasonably measure
the semantic similarities between image patches, from which the local features are extracted. The learned
distance is hence utilized to cluster the local features for semantic visual vocabulary generation. Finally,
we combine the spatial and semantic contexts in a unified framework by extracting local feature groups,
computing the spatial configurations between the local features inside the group, and learning a seman-
tic-aware distance between groups. The learned group distance is then utilized to cluster the extracted
local feature groups to generate a novel visual vocabulary, i.e., the contextual visual vocabulary. The pro-
posed visual vocabularies, i.e., geometric visual vocabulary, semantic visual vocabulary and contextual visual
vocabulary are tested in large-scale near-duplicated image retrieval applications. The geometric visual
vocabulary and semantic visual vocabulary achieve better performance than the traditional visual vocab-
ulary. Moreover, the contextual visual vocabulary, which combines both spatial and semantic clues out-
performs the state-of-the-art bundled feature in both retrieval precision and efficiency.

© 2010 Elsevier Inc. All rights reserved.
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1. Introduction The traditional textual information retrieval is successful in pro-

cessing the large-scale textual data. For example, the Google and

1.1. Background introduction

Due to the fast development of Internet applications and the
popularity of digital sets such as digital cameras, digital video
recorders and mobile phones, the amount of multimedia data
available in the internet has been increasing explosively. For exam-
ple, in photo and video sharing websites such as YouTube, Flicker
and Facebook, there are billions of images and thousands of mil-
lions of hours of digital videos and the numbers keep increasing
everyday. Thus, the multimedia research community is facing chal-
lenging problems, including scalable machine learning, feature
extraction, indexing, and efficient content based multimedia
retrieval.

* Corresponding author.
E-mail addresses: slzhang@jdl.ac.cn (S. Zhang), qitian@cs.utsa.edu (Q. Tian),
ganghua@gmail.com (G. Hua), zhwg@mail.ustc.edu.cn (W. Zhou), gqmhuang@j-
dl.ac.cn (Q. Huang), lihq@ustc.edu.cn (H. Li), wgao@jdl.ac.cn (W. Gao).

1077-3142/$ - see front matter © 2010 Elsevier Inc. All rights reserved.
doi:10.1016/j.cviu.2010.11.003

Bing search engines could answer users’ textual queries instanta-
neously and accurately in billions of web-pages. In the textual
information retrieval, the text words, which are compact and
descriptive, are used as the basic features for documents. Inspired
by the success of text words, researchers are trying to identify ba-
sic visual elements from images, namely the visual words [1,2],
which could function just like the text words. With descriptive
visual words, the well developed algorithms for textual informa-
tion retrieval can be leveraged for computer vision and multimedia
tasks, such as visual search and recognition.

Traditionally, visual words are created by clustering a large
number of local features such as SIFT [3] in unsupervised ways.
After clustering, each cluster center is taken as a visual word,
and a corresponding visual vocabulary is generated. With the vi-
sual vocabulary, image can be transformed as Bag-of-visual Words
(BoW) representation, which is similar to the Bag-of-Words repre-
sentation in information retrieval. This is simply achieved by
extracting image local features and replacing them with their
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nearest visual words. Attribute to its scalability and simplicity,
BoW representation has been very popular in computer vision
and visual content analysis in recent years. With such a represen-
tation, lots of popular algorithms for textual information retrieval
can be leveraged for computer vision tasks such as video event
detection [4-6], object recognition [7-18] and image annotation
[19,20]. In addition, it has been illustrated as one of the most
promising solutions for the large-scale near-duplicated image
and video retrieval [1,2,21-28].

1.2. The problems with the classic visual vocabulary

Notwithstanding its demonstrated success, visual vocabulary
generated from image local descriptors in unsupervised ways is
still not as descriptive as it is expected. For example, as illustrated
in [22], the traditional visual words are noisy and there are lots of
mismatched visual words between two images even they have dif-
ferent semantics. Two defects exist in the traditional visual vocab-
ulary, which might be the important reasons for its ineffectiveness.
(1) Visual vocabulary generated from single local image descriptors
is not able to capture the rich spatial contexts in images, e.g., the
orientation and scale clues among the local features. However, sev-
eral previous works have verified that modeling these visual con-
texts could greatly improve the performance of many visual
matching and recognition algorithms [1,7-11,21,22,28]. This is also
the reason that a post geometric verification step [1,21] is needed
to improve the accuracy for vision tasks. An example illustrating
this defect of single local feature based BoW representation is
shown in Fig. 1. (2) The generation of traditional visual word is fin-
ished in unsupervised way, which is not ideal since it ignores the
semantic contexts between local features. Traditionally, to gener-
ate the visual vocabulary from single local image descriptors, most
previous methods employ a general distance metric, such as
Euclidean distance or L1-norm, to cluster or quantize the local fea-
tures. This is unsatisfactory since it largely neglects the semantic
contexts of each of the local features. With a general distance met-
ric, local visual features with similar semantics may be far away
from each other, while the features with different semantics may
be close to each other. For instance, as illustrated in Fig. 2, this de-
fect results in some incompact and non-descriptive visual words,
which are closely related with the mismatches occurred between
images. In the toy example shown in Fig. 2, the non-descriptive vi-
sual words, i.e., the black points are matched between two images
with different semantics, i.e., car and motorbike, resulting in inac-
curate similarity computation between the images.

Lots of approaches have been proposed trying to overcome the
first problem [1,6-11,21,22,28]. Previous approaches [6-11,21,22]
to this contextual modeling problem predominantly try to identify
combination of visual words with statistically stable spatial config-

Visual Word Histogram

urations. This may be achieved, for example, by using feature pur-
suit algorithms such as AdaBoosting [29], as demonstrated by Liu
et al. [7]; visual word correlogram and correlaton, which are lever-
aged from the color correlogram [8], are utilized to model the spa-
tial relationships between visual words for object recognition in
[8]; In a recent work [21], visual words are bundled and the corre-
sponding image indexing and visual word matching algorithms are
proposed for large-scale near-duplicate image retrieval. Proposed
as descriptive visual word pairs in [9,22], visual phrase captures
the spatial information between two visual words and presents
better discriminative ability than the traditional visual vocabulary
in object categorization tasks. In [6], the spatial contextual infor-
mation between visual words is captured by counting the co-
occurrence of meaningful visual word pairs. Generally, considering
visual words in groups rather than single visual word could effec-
tively capture the spatial configuration among them. However, the
quantization error introduced during visual vocabulary generation
may degrade the matching accuracy of visual word combinations.
As illustrated in Fig. 3, after quantization, features that should be
matched in the descriptor space fail to match, and this error may
be magnified with general visual word combinations.

The second problem, i.e., combining semantic contextual clues
for visual vocabulary generation has not been fully studied. There
have been some previous works which attempt to address this
phenomenon by posing supervised distance metric learning
[9,10,19,20] and some works which generate category-specific vi-
sual words [6,22]. In [19], the classic visual vocabulary is used as
the basis, and a distance metric, which could reasonable measure
the semantic similarities between different visual features is
learned to generate more effective high-level visual vocabulary.
However, the generated visual vocabulary is small-scale problem
oriented. In a recent work [20], the authors capture the semantic
context in each object category by learning a set of reasonable dis-
tance metrics between local features. Then, semantic-preserving
visual vocabularies are generated for different object categories.
Experiments in large-scale image database demonstrate the effec-
tiveness of the proposed algorithm in image annotation. However,
the visual vocabularies in [20] are created for different object cat-
egories, thus they are not universal and general enough, which lim-
its their applications. In addition, the second problem is important
also because many algorithms are built upon the traditional visual
word. E.g., in the works focusing on the first problem [1,7-11,21],
the authors commonly identify visual word combinations to
capture the spatial contexts. Because many deficiencies exist in
single visual word, e.g., the quantization error, such deficiencies
may degrade the performance of visual word combination. Hence,
generating descriptive visual vocabulary is important for both
visual vocabulary based image applications and the algorithms
built upon it.

: visual word
appearing in
image

Visual Word Histogram

Fig. 1. The two images show different semantics. However, they contain the identical visual word histogram. Obviously, traditional BoW representation ignores the spatial

context in images.
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Fig. 2. The semantic contextual information is lost in unsupervised visual vocabulary generation, resulting in lots of noisy visual words.
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Fig. 3. The quantization errors are magnified when combining several visual words together, resulting in the ineffectiveness of the generated combinations.

1.3. The idea of the proposed algorithm

In order to overcome the first problem, we propose a novel
scheme to combine single visual word with more spatial clues by
quantizing local features in bi-spaces, i.e. descriptor space and orien-
tation space. Our work is closely related to [30], as both exploit the
orientation information to improve retrieval performance. However,
the orientation information is used in totally different perspectives.
In [30], the orientation difference between matched features is
used to filter false matches, while in our approach, orientation is
applied for quantization. The resulting visual vocabulary, namely the
geometric visual vocabulary, is more discriminative and less ambigu-
ous by incorporating more geometric cues in the orientation space.
Moreover, geometric constraints, including scale difference and 2D
spatial layout, are imposed for formulating the relevance between
images. Experiments in web image retrieval, with a database of
one million images, reveal that our approach achieves better retrie-
val precision than the baseline BoW representation.

We overcome the second defect by casting the problem as
learning a semantic-aware distance between local features, which
could reasonably measure the semantic similarities between image
patches, from which the local features are extracted. As illustrated
in Fig. 2, the commonly used distance metrics fail to take the
semantic contexts into consideration when measuring the similar-
ity between local features. Inspired by the metric learning frame-
work of Globerson and Roweis [31], we propose to learn a
Mahalanobis distance by collapsing local features with same
semantic labels. The learned distance is further applied to create
visual vocabulary, namely semantic visual vocabulary for local fea-
tures. Experiments in large-scale image database demonstrate
the effectiveness of the proposed semantic visual vocabulary.

We further overcome the two challenges discussed in a unified
framework by casting the problem as learning a semantic-aware
distance between local feature groups. In contrast to previous meth-
ods, we take groups of local features into consideration instead of
treating the local features independently. In this way, the spatial
contextual information among local features can be modeled and
the magnified quantization error of directly combining several vi-
sual words can be depressed. Based on the spatial configuration

of the contained local features, we define the spatial contextual sim-
ilarity between two local feature groups to measure the spatial
similarity of two groups (see Fig. 4). The spatial context is defined
as the scale ratio and the included angle of orientation between
two neighboring local features within a feature group.

Based on the metric learning framework in [31], we propose to
learn a spatial contextual similarity weighted Mahalanobis dis-
tance, namely the semantic group distance between local feature
groups, by collapsing groups of local features with same semantic
labels (see Fig. 4). Due to the weight introduced from the spatial
contextual similarity, the metric learning will put more efforts on
those local feature groups with same semantic label but small spa-
tial context similarities. This contrasts to the original formulation
of [31], where all training examples are treated equally. The
learned semantic group distance is further applied to create visual
vocabulary for local feature groups, namely the contextual visual
vocabulary, which incorporates both spatial and semantic level
contextual information. This process is illustrated in Fig. 5. We
hence develop a more powerful Bag-of-Contextual-visual-Words
representation for large-scale computer vision tasks. Its superior-
ity, when compared with the state-of-the-art algorithms, is clearly
demonstrated in large-scale nearly duplicated image retrieval.
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Fig. 5. The framework for contextual visual vocabulary generation.

The contributions of our work can be summarized as: (1) we
propose the geometric visual vocabulary which combines more
geometric cues by quantizing local features in both descriptor
and orientation space; (2) we propose the semantic visual vocabu-
lary by learning the semantic-aware distance between local fea-
tures and (3) we combine the spatial and semantic contextual
information in forming the novel contextual visual vocabulary,
which is proven more efficient and descriptive than the state-of-
the-art bundled feature [21].

The remainder of this paper is organized as follows. Section 2
illustrates the geometric visual vocabulary generation with bi-
space quantization. Section 3 formulates the learning problem for
our semantic visual vocabulary. The details of inducing the contex-
tual visual vocabulary are described in Section 4. Section 5 presents
and discusses our experimental results in large-scale near-
duplicated image retrieval, followed by the conclusions and future
work in Section 6.

2. Geometric visual vocabulary generation with bi-space
quantization

We use the Difference-of-Gaussian (DoG) detector to detect
interest points in images [3]. According to [3], from each interest
point, three kinds of information can be extracted, i.e., the scale
information S, the local feature descriptor D (i.e., the SIFT [3]),
and the orientation information O. The SIFT describes the appear-
ance information of the interest point and the scale and orientation
information preserves the spatial configuration. Traditionally, only
the SIFT feature is quantized for visual word generation and no
other clues are considered. Differently, the proposed bi-space
quantization mainly consists of feature vector quantization and
spatial quantization in two independent spaces, ie. descriptor
space and orientation space, in a sequential manner. Because the
generated geometric visual vocabulary contains both descriptor
and orientation cues, it is designed to be more descriptive and less
ambiguous. In the rest of this section, we will introduce the geo-
metric visual vocabulary generation and the corresponding geo-
metric visual vocabulary matching strategy.

2.1. Geometric visual vocabulary generation

Intuitively, we could perform the bi-space quantization first in
the descriptor space and then in the orientation space, or in an
inverse sequence. However, with soft quantization [23] in mind,

considering that the descriptor space is 128-dimensional while
the orientation space is one-dimensional, it is more preferable to
first quantize SIFT feature in the descriptor space in a hard mode
and then in the orientation space in a soft manner to decrease
the quantization error.

2.1.1. Descriptor quantization

For descriptor quantization, the traditional visual word genera-
tion algorithm [1,2] is adopted. In traditional visual word genera-
tion algorithm, a large number of SIFT descriptors are collected,
and then K-means clustering is performed on the collected fea-
tures. The generated cluster centers are taken as the visual words.
To perform the quantization more efficiently, we use the hierarchi-
cal K-means clustering to perform this task, resulting in a hierar-
chical vocabulary tree [2], where the leaf nodes are regarded as
visual words for SIFT descriptors.

2.1.2. Orientation quantization

Our orientation quantization is based on an assumption that the
partially duplicated target image does not undergo much affine
transformation distortion, so that the local features’ orientation
will change in relatively consistent manner. Under such assump-
tion, we can further impose an orientation constraint that the
query image shares similar spatial configuration with the target
images. The orientation constraint can further be relaxed by rotat-
ing the query image by some angles to generate new queries, as de-
tailed in Section 2.3. The retrieval results of all rotated queries can
be aggregated to obtain the final results.

For each leaf node in the vocabulary tree, quantization is further
performed in the orientation space. To mitigate the quantization
error, a soft strategy is applied. In index construction stage, all
database features in each leaf node are sorted by their orientation
value in ascending or descending order. Assume that the quantiza-
tion number of orientation space is t, and a query feature with ori-
entation value of v given, we first find the nearest leaf node in the
visual vocabulary tree. Then, database features in the leaf node
with circular orientation distance to v less than 7/t are considered
as valid match. As illustrated in Fig. 7, the significance of the orien-
tation space quantization is that the rate of false positive match of
local features will be largely reduced.

2.2. The computation of matching score

2.2.1. Scale constraints

Generally, if a targeting duplicated image undergoes scale
changes, the scale differences of each pair of matched features
should be same with some variations due to noise. Based on such
observation, false matches can be filtered by checking the scale
consistency [28,30]. For each pair of matched images, a histogram
of scale differences between each pair of matched features is con-
structed. The peak of the histogram can be determined and the
matched pair with scale difference far away from the histogram
peak will be discarded.

2.2.2. Spatial constraints

With orientation assumption, the spatial consistency can be
loosely checked by the spatial layout of matched features. Let
p={p;} and q=1{q;} (i=1~m) be the m matched features
belonging to the target image and the query image, respectively.
In bundled feature [21], two geometric inconsistency terms,
M*(q;p) and M"(q;p) [21] denoting the geometric inconsistency
order in X- and Y-coordinates respectively, are defined for comput-
ing the spatial similarity between bundling features. Here, we
adopt the same terms for checking the geometric consistency of
matched features in the whole image, instead of only a MSER re-
gion. The philosophy behind our idea is that with quantization in
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both descriptor space and orientation space, the matched features
are regarded as positive with a high probability. If two images con-
tain many such matched features with spatial consistency, then
they will be duplicates with a high probability. Consequently, the
spatial consistency factor is defined as

m
_ 1
! max (1, max(M*(q: p),M" (g; p))) .

2.2.3. Definition of matching score

The relevance of a database image to the query image is deter-
mined by their matched features and the geometric consistency of
the matching. We formulate the relevance definition as a voting
problem. Each visual word in the query image votes on its matched
images. And the voting value is weighted by the spatial consistency
factor and the number of local features in the corresponding target
image. Suppose a query image and a target image share m visual
words with consistency of scale difference, the spatial consistency
factor is f and the SIFT number of the candidate target image is N,
we define the relevance as follows,

v=m-f/log(N) (2)

2.3. Relaxing of orientation constraints

To relax the orientation constraints in Section 2.1.2, we can ro-
tate the query image by a few pre-defined angles so that all possi-
ble orientation changes from the original image will be covered.
Each rotated version is used as a query and the aggregation results
are returned as the final retrieval results. In fact, the query image
does not need to be rotated, since the SIFT features of each rotated
query share the same descriptors as original query but only differ
in orientation value. Therefore, we just need to change the orienta-
tion value and compute the new spatial location for each query
feature. After that, quantization for SIFT feature is performed. It
should be noted that the quantization in descriptor space needs
to be performed only once. For each candidate target image, as-
sume the relevance to the ith rotated query is ¢/, the aggregation
of all rotated versions is defined as the maximum one
v=max(?' |i=1~t). Finally, all images are sorted according to
their aggregated relevance value.

3. Semantic visual vocabulary generating by learning semantic
distance

3.1. The definition of semantic distance

In order to generate semantic visual vocabulary, two require-
ments need to be taken into consideration, i.e., the visual word
should combine the semantic context between image local fea-
tures, and the visual word generation algorithm should be scalable.
Note that the semantic context denotes the semantic relationship
between the image patches, from which the local features are ex-
tracted. To meet the two requirements, a semantic-aware distance
between local features can be learned, and thus, the scalable visual
word generation framework (i.e., the hierarchical clustering in [2])
can be combined with the learned distance metric for semantic vi-
sual word generation. Therefore, we fulfill these two requirements
by learning a Mahalanobis distance, which we call Semantic Dis-
tance (SD), i.e.,

SD(xi,x;) = df = (xi — x;) A(X; — X)) (3)

i

where x denotes the image local feature that is derived from the de-
tected image interest point. A is the matrix to be learned from the

semantic labels of the local features. In our setting, A is a
128 x 128 matrix.

Intuitively, we try to find a reasonable distance metric which
makes the local features with similar semantics close to each
other and those with different semantics appearing far away. To
achieve this, suppose we are given a set of m labeled training
samples: (x;,y;),i=1,..,m, where x; is a local feature and y;
denotes its label, following Globerson and Roweis [31], for each
local feature x;, we define a conditional distribution for all other
local features, i.e.,

A
e~ %

i 4
Ek#je"’ﬂ i) 4)

1 n
p"(x,-|x,-):z_e 9% =

Since an ideal distance metric would set the distance between
two local features with the same labels to be zero, and distance be-
tween pair of features with different labels to be infinity, the ideal
conditional distribution should be:

1 v.=v.
po<xf|x,->o<{ Y= (5)

0 yi#y;

Therefore, our metric learning should seek a matrix A such that
pA(xi | %)) is as close as possible to py(x; | X)), then, similar to [31],
we optimize the KL divergence between these two distributions
with respect to A4, i.e.,

min 3" KLlpo(xi | %) | p(x; | %)) st. AePSD (6)
J

where PSD stands for the set of positive semi-definite matrices.
3.2. The optimization of semantic distance

A crucial property of this optimization problem is that the
objective function is convex with respect to A, which has been
manifested by Globerson and Roweis [31]. With easy mathematical
manipulations, we rewrite the objective function in the following
form

f&) =~ Z logp(xi | x;) = Z d'; + Z lOgZe*dg (7)
J i

1J.Yi7Yj i.Yi7#Yj

Since the optimization problem in Eq. (6) is convex, it would
have only a unique minimum value which is globally optimal.
Thus, it can be optimized with various convex optimization meth-
ods, and the most important consideration is the efficiency of the
algorithms. We utilize a simple gradient descent method, specifi-
cally the projected gradient approach. In each iteration, we take
a small step in the direction of negative gradient of the objective
function, followed by a projection back in the PSD cone to make
sure that A is always a PSD, which is closely related to the convex-
ity [31]. This projection is performed by taking the eigen-decompo-
sition of A and removing the components with negative eigen-
values. The computation of the first order gradient of Eq. (7) is gi-
ven in the following equation

VF(A) = 3 ((Polxs | %)) = Pxi | 29))(x = x)(x = %)) ®)
ij

We summarize the details of the optimization in Algorithm 1. The
learned matrix A will render the final distance metric to incorporate
the semantic contexts between local features. Since each SIFT
descriptor x is a 128-dimensional vector, the eigen-decomposition
operation of the 128 x 128 matrix A can be finished efficiently. The
most time consuming operation is to compute the first order gradi-
ent in Eq. (8), which is of 6(m?) computational complexity.
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Algorithm 1 (Compute the matrix A).

Input: set of labeled local features:

(%;,¥:), i=1, ..., m. The maximum iteration time T. The
weighting parameter o

Output: the learned matrix A

Initialization: Initialize Ay, which is a PSD matrix.

For iterationt=1:T
Set A1 = Ar — aVf(A:), where Vf(A;) is computed with Eq.
(8).
Calculate the eigen-values and eigen-vectors of the matrix
AtH

) T
AH—] = Z’(/L"(ukuk7

Set Ap1 = >, max(Zy, O)uguf
End

3.3. Semantic visual vocabulary generation

The semantic visual vocabulary can be generated through clus-
tering the local feature collection with the learned semantic dis-
tance. As a popular clustering algorithm, hierarchical K-means is
generally efficient for the visual word generation [2]. Additionally,
the generated visual words with hierarchical K-means are orga-
nized in a hierarchical vocabulary tree, with which the images
could be transformed into BoW representations efficiently by
searching the nearest visual words hierarchically. However, in
K-means clustering, to compute the cluster centers of a cluster
C with the defined distance metric, we have to solve the optimiza-
tion problem, i.e.,

min > SD(Xxix") 9)

x;ecluster—C

where x* is the desired cluster center. Solving this Eq. (9) in each
iteration is time consuming. Thus, we employ the hierarchical
K-centers clustering instead. Different from K-means, the cluster
center of K-centers is simply updated as the data point having the
maximum similarities with the other data points in the same clus-
ter. It is computed as

min > SDXi.x) (10)

xjXjecluster—C j#i

According to Eq. (10), we need to store a pair-wise similarity ma-
trix for each cluster to update the cluster center. Intuitively, once the
similarity matrix of a cluster is computed, the clustering operation in
its corresponding sub-clusters can be finished efficiently. Mean-
while, the clustering can be implemented in a depth-first way to
lower the memory cost. The clustering finally produces a hierarchi-
cal vocabulary tree, and each cluster center of the leaf node is taken
as a semantic visual word. In the semantic visual vocabulary based
image retrieval, the image can be indexed with the inverted file
indexing structure [1,2] and the matching score between images
can be simply computed with Term Frequency-Inverse Document
Frequency (TF-IDF) weighting strategy [1,2].

4. Contextual visual vocabulary generation by learning group
distance

The geometric visual vocabulary and the semantic visual vocabu-
lary incorporate the spatial contexts and semantic contexts, respec-
tively. It is more interesting to explore the visual vocabulary combin
ing both semantic and spatial cues. Thus, we propose the contextual vi-

sual vocabulary which is generated from local feature groups. As illus-
trated in Fig. 4, local feature group preserves rich spatial information.
Moreover, a semantic-aware distance metric between local feature
groups can be learned. Therefore, clustering local feature groups with
the learned semantic group distance could create visual vocabulary
preserving both spatial and semantic contexts.

4.1. Local feature group detection

To extract the local feature groups, we first use the DoG detector
[3] to detect the interest points and extract local features in images.
As illustrated in Fig. 6, each local feature can be denoted as a triple
(S, 0, D), where S, O and D represent the scale, orientation, and the
128-dimensional SIFT descriptor [3], respectively. As shown in
Fig. 4, each local feature group contains several local features. We
denote the local feature as P(S, O, D), and the local feature group
as: G{P'V, P2, ..., P} where n is the number of local features con-
tained in a group. In our formulation, all local feature groups con-
tain the same number of local features to simplify the computation.

Different algorithms can be utilized to detect the local feature
groups. To make a tradeoff between efficiency and performance,
we define the local feature group as the co-occurred local features
within a certain spatial distance threshold. In general, the follow-
ing factors should be properly considered to generate local feature
groups: (1) The local feature group should be scale-invariant; (2)
the local feature group should be repeatable and (3) the extraction
should be efficient, both in terms of computational and memory
consumption.

In order to satisfy the first requirement, we use the scale infor-
mation of local feature as the basis to compute the spatial distance
related to the co-occurrence between local features. As for the sec-
ond requirement, according to Liu et al. [9], if too many local fea-
tures or visual words are combined (ie., combinations with
higher orders), the repeatability of the combination will decrease.
In addition, if more local features are contained in each group,
there would be more possible matches between the local features
within the feature groups. This may make the computation of the
corresponding spatial contextual similarities, which we will dis-
cuss in details in Section 4.2, to be time consuming. Therefore, to
meet the second and fourth requirements, we fix the number of lo-
cal features in each local feature group as 2. But it should be noted
that our proposed framework does not hinder to use larger number
of local features in a feature group.

To detect local feature groups containing two local features, we
use the detector illustrated in Fig. 8, which is similar as the visual
word pair detector in [22]. In the figure, a circle with radius R is
centered at a local feature. A local feature group is formed by the
centered local feature and another local feature within the circle.
The radius R is computed with

R = Scenter ® A (11)

to achieve scale-invariance, where S_.er is the scale of the centered
local feature, / is a parameter that controls the spatial span of the
local feature group, which in turn affects the co-occurrence relation
between local features. A larger / is necessary for identifying stable
spatial relations and overcoming the issue of potential sparseness of
the local feature groups. However, a large /. also increases the

Detected P~ -> Scale of the interest point:
interest point 128-Dimensional SIFT descriptor [3]: D
P \ Orientation of the interest point: O

Fig. 6. The extracted information from each local feature.
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Fig. 7. Matching of SIFT features with and without orientation quantization for nearly duplicated images. Each red line crossing two images denotes a match of a pair of local
features, with the end of the line located at the key point position of local feature: (a) and (b) denote the matching without orientation quantization with a codebook of 140 K
and 1.4 M visual words, respectively and (c) denotes the matching after orientation quantization with a codebook of 140 K visual words. (For interpretation of the references

to color in this figure legend, the reader is referred to the web version of this article.)

@P ©: local feature in Image

Detected local feature groups:
center /’/ (Pcenter’ P )J (P P )

center’

Fig. 8. The utilized local feature group detector.

computational cost and is more prone to noise. We experimentally
set / as 4, which shows a good tradeoff between efficiency and per-
formance. By scanning each local feature with the detector, a collec-
tion of local feature groups can be generated. Because of the limited
local feature number in each image and the properly selected 4, this
operation is efficient.

4.2. Formulation of semantic group distance

We compute the similarity between two feature groups based
on their contained local features. With n local features in each
group, there are n! possible feature-to-feature matches between
two groups, and different matches correspond to different group
distances. To get the reasonable group distance, we should seek a
best match for the contained local features which maximizes the
group similarity. We call each possible match as a match order .
As illustrated in Fig. 9a, there are two match orders when n=2.
We define the best match order as the one that maximizes the spa-
tial similarity. Consequently, to define the group distance, we first
compute the best match order between two groups, and then ob-
tain the corresponding spatial contextual similarity according to
the spatial relationship inside the two feature groups. We shall
present more details about this in Section 4.2.1. After that, we fur-
ther learn a weighted Mahalanobis distance to model the semantic
distance between two groups.

4.2.1. The computation of spatial contextual similarity
We define the spatial context of each local feature group as the
orientation and scale relationships between different local features

(a): The two match orders if each local
feature group contains 2 local features

inside the group. Because each local feature contains two aspects of
spatial information, the spatial contextual similarity between two
local feature groups is defined as:

SimCxt"/ = max (SimS(r”) + 5imO£"D>/2 (12)

where SimCxt") denotes the spatial contextual similarity between
local feature group I and J. SimSﬁ’J) and Simoﬁu) are the scale and ori-
entation similarity with the match order r, respectively. Before
computing them, the spatial and orientation relationships SR and
OR in each local feature group are calculated as:

SRY = 3> log(1+57/s%)  [ORY = 3 N(O" - 0%)

i=1,j>i i=1j>i
n n
SRV = > log(1+S"/s”y |OoRY = > N©O™ -0")
=r(i),i=1 u=r(i),i=1
v=r(j)j>i v=r(j)j>i

(13)

where N(0) normalizes the angle 0 between [0, 7]. The superscript
(i), (j) index the local features in group I, and r(i) and r(j) return their
corresponding matched local features in group J with the match or-
der r. Since SR and OR are defined based on the relative ratio or dif-
ference between pairs of local features, it is clear that they are scale
and rotation invariant.

With the definition of SR and OR, we compute the SimS"” and
SimOﬁ'J), which take values in [0, 1], i.e.,

Sims!") — min SR / max SR\
{1} e{lJ} (14)
simo!") = min OR® / max ORY
Ke{lJ} Ke{lJ}

After computing the scale and orientation similarity between
two local feature groups with different match orders, we finally
get the spatial contextual similarity using Eq. (12). The correspond-
ing best match order is denoted as r* and i* = r*(i) stands for the lo-
cal feature in the other group, that matches the local feature i
under this best match order. A toy example explaining the best
match order is illustrated in Fig. 9b. Intuitively, the local features

, \
O \

\

*‘: same qcale

'.' relationship

J2l1 N x
./ same orientation

relationship
(b): The best match order

based on the spatial similarity

Fig. 9. The illustration of match orders and the best match order based on the spatial contextual similarity.
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within two feature groups are matched with the best match order
to make sure the maximum spatial contextual similarity. The spa-
tial contextual similarity of each local feature group pair and the
corresponding best match order are calculated before computing
their semantic group distance.

4.2.2. Formulation of semantic group distance

Recall that each local feature group contains both the appear-
ance (i.e., the SIFT descriptor) and spatial contextual information.
Thus, the defined semantic group distance should satisfy the fol-
lowing two requirements: firstly, it should properly combine the
spatial and appearance clues; secondly, it should incorporate the
semantic context between local feature groups. We fulfill these
two requirements by learning a spatial contextual similarity
weighted Mahalanobis distance, which we call semantic group dis-
tance (SGD), i.e.

SGD(G1, Gy | A) = dj = Wui: (b _D](k*)>TA(DI(k) o)
k=1

where Wy =1 — SimCxt"/ (15)

Wy, denotes the spatial contextual weight that is derived from the
spatial contextual similarity (Eq. (12)). A is the matrix to be learned
from the semantic labels of the local feature groups.

Similar to the optimization of semantic distance in Section 3, we
try to find a good distance metric which can make the local feature
groups with similar semantic contexts close to each other and
those with different semantics appear far away. To achieve this,
suppose we are given a set of M labeled examples:
(x1,y;), I=1,...,M, where x; denotes a local feature group, for
each group J, we also define a conditional distribution for all other
groups, i.e.

—df
PN =red =7 14 (16)

_dh
Z Zl(ﬂe K
and an ideal distribution similar to the one in Section 3.1, i.e.

1 y=y

17
0 y#y an

Po(I'[J) o {

Therefore, we also formulate our metric learning as seeking a
matrix A such that pA(I | J) is as close as possible to ideal distribu-
tion py(I'|]), then, we optimize the KL divergence between these
two distributions, i.e.

min S KU1 L)1 P01 st AepsD (18)

The optimization of Eq. (18) can be finished in the framework of
Algorithm 1 introduced in Section 3.2. Differently, the first order
gradient of the object function should be

viA=2 (Wuwo a-raiy_ (o -0f) (o} D;k*>)T)

1J k=1

(19)

After learning the semantic group distance, we generate the
contextual visual vocabulary by clustering the collected local
feature groups with the semantic group distance. Hierarchical
K-centers is utilized for this task.

5. Experiments and analysis
5.1. Dataset collection

In order to test the proposed visual vocabularies, we build our
basic dataset by crawling 1.5 million images from the Internet.
To finish this, we build a web-image crawler which recursively
download web-pages, analyze their source codes and extract the
URLs of images contained in it. Then we download images accord-
ing to these URLs. This is a similar process of the one in bundled
feature [21]. Then, we manually downloaded 737 partially dupli-
cated web images with 10 queries such as “Abbey Road” and
“Uncle Sam”. Finally we form a dataset containing 10 categories
and 737 images, and the images in each category are partial dupli-
cates of each other. Similar to [21], we add these labeled images
into the basic dataset to construct an evaluation dataset. Since
the basic dataset contains partial duplicates of our ground-truth
dataset, for evaluation purpose we identify and remove these par-
tially duplicated images from the basic dataset by querying the
database with every image from the ground-truth dataset. Besides
the large-scale image dataset, we also download the ImageNet [32]
to be the training set for optimizing the semantic distance and
semantic group distance. ImageNet is a large-scale image database
organized according to the WordNet [33] hierarchy (currently only
the nouns), in which each node of the hierarchy is depicted by
hundreds and thousands of images. Currently, ImageNet has
11,231,732 images in total and an average of over five hundred
images per node.

5.2. Proving the validity of geometric visual vocabulary

To evaluate the performance with respect to the size of dataset,
we build four smaller datasets (50K, 200 K, and 500K, 1 M) by
sampling the basic dataset. Following [26], we use mean average
precision (mAP) as our evaluation metric. mAP is computed the
as the mean of the retrieval precision at different recall levels.

5.2.1. Impact of orientation quantization size

To study the impact of orientation quantization, we experiment
with different step sizes on different sizes of image dataset. The
performance of mAP for different orientation quantization sizes
are shown in Fig. 10. For each dataset, when the quantization size
increases, the performance first increases and then keeps stable
with a little drop, while the time cost increases linearly. In our
experiment, we select the orientation quantization size as 7.

0.74

1| —B— 500K dataset
------11 —F— 200K dataset

—o— 1M dataset

i | —*+— 50K dataset

2 4 6 8 10 12 14 16
Quantization size of orientation space

Fig. 10. Performance (mAP) of our approach on different image datasets for
different orientation quantization sizes.
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5.2.2. Comparison with the traditional visual vocabulary

We use traditional visual vocabulary [2] as the baseline for
comparison. Fig. 11 illustrates the performance of the baseline
and our approach (with orientation quantization size: 7) with the
same visual codebook (in descriptor space) of 140 K visual words
on different databases. When the size of the database increases,
the mean average precision (mAP) drops for both approaches.
The baseline’s mAP decreases steeper than that of our approach,
reflecting the discriminative power of orientation quantization.

Besides the comparison of performance, Table 1 shows the com-
parison of efficiency between geometric visual vocabulary and tra-
ditional visual vocabulary. Compared with the baseline, our
approach is more time consuming. The time cost of our approach
is mainly due to the multi-query of orientation rotation of the ori-
ginal query, i.e., the orientation quantization number is 7, which
means 6 more queries are involved. According to Fig. 10, if the ori-
entation quantization number is set smaller, the performance will
be improved with small drop in performance.

5.3. Proving the validity of semantic visual vocabulary

In order to optimize the semantic distance to make it a generic
distance metric, a representative training set is required. Since the
semantic distance measures the similarity between local features
rather than the images, it would be ideal to annotate certain
amount of local features as the training set. However, such annota-
tion is difficult and expensive to conduct. As a tradeoff, we extract
the local features from the most centered patches of images. The
local features extracted from the same image categories are tagged
with the same labels. We first select 500 image categories from the
ImageNet [32], which contains visually consistent single objects,
resulting in a training set containing 500 local feature categories.
From the training set, we manage to get about 0.1 million local fea-
tures, which are used for semantic distance learning. After the
semantic distance learning, we extract about 2 million local fea-
tures from the 500 image categories. With the extracted feature
collection and the learned semantic distance metric, a semantic vi-
sual vocabulary with 32,400 semantic visual words is generated.
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Fig. 11. Performance comparison of our approach and the baseline under different
size of dataset with a vocabulary tree of 140 K visual words.

Table 1
The average time cost per query (including the time for feature extraction) on 1M
database.

Baseline (s) Our approach (s)

Time cost 1.22 5.60

Table 2
The overall mAPs obtained by the two features with different numbers of indexed
images.

0.5 million images

F1 0.479 0.456
F2 0.487 0.468

1 million images

Similar to [2], we use the inverted file structure for image data-
set indexing and Term Frequency-Inverse Documents Frequency
(TF-IDF) weighting strategy for image retrieval, respectively. The
stop list is applied to remove the top 3% visual words with the larg-
est document frequency [2]. The overall mAPs of the following fea-
tures are compared and presented in Table 2:

e F1: 32,357 classic visual words [2].
e F2: 32,400 semantic visual words.

In Table 2, from the mAPs based on different image numbers, it
is clear that, augmenting the image database causes the perfor-
mance degradation of both classic visual word and semantic visual
vocabulary. However, the F2 still outperforms the F1. This implies
its stronger descriptive power as well as the effectiveness of the
learned semantic distance.

Besides the comparisons of precision, the efficiency is compared
in Table 3. From the table, it can be observed that semantic visual
vocabulary is more time consuming than the classic visual vocab-
ulary because the Mahalanobis distance is more expensive to com-
pute than the Euclidean distance used in F1. However, from the
fact that F2 shows similar efficiency in datasets with different im-
age numbers, it can be inferred that once the query is transformed
into Bag-of-Semantic-visual-Word representation, the retrieval can
be finished efficiently.

5.4. Proving the validity of contextual visual vocabulary

In order to optimize the semantic group distance to make it a
generic distance metric, a representative training set is required.
Similar to the training set generation in Section 5.2, we select
1500 image categories form the ImageNet [32], which contains
visually consistent single objects. Then, we extract the local feature
groups from the most centered patches of each image. From the se-
lected image categories, we manage to get about 1 million local
feature groups belonging to 1500 categories. After the semantic
group distance learning, we extract about 5 million local feature
groups. With the extracted feature group collection and the
learned distance metric, contextual visual vocabulary sets with dif-
ferent sizes are generated. Note that, all our experiments about
contextual visual vocabulary are conducted on a computer with
two 2-core 2.0 GHz CPUs and 4 GB memory.

To enlarge the query image set, we download two more near-
duplicated image categories, resulting in 12 image categories with
ground-truth. The same experimental setup in Section 5.2 is em-
ployed. The overall mAPs of the following groups are compared
and presented in Fig. 12:

e G1: 57,481 classic visual words [2].
e G2: bundled feature with 57,481 classic visual words [21].

Table 3
The average time cost (second) per query (including the time for feature extraction).

0.5 million images (s)

F1 1.16 1.31
F2 4.4 4.8

1 million images (s)
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Fig. 12. The overall mAPs obtained by the five groups with different numbers of indexed images. The reason why we do not test the bundled feature [21] in larger image
databases (i.e., 1 million and 1.5 million images) is that the index size of bundled feature is large, and 0.5 million is the maximum image number that the 4.0 GB memory of

our computer could handle with bundled features.

Table 4

The size of the index file when 0.5 million images are indexed.
G1 G2 G3 G4 G5
0.89 GB 2.48 GB 1.26 GB 1.28 GB 1.29GB

e G3: 16,900 contextual visual words.
e G4: 36,100 contextual visual words.
e G5: 44,100 contextual visual words.

From Fig. 12, it is clear that, the bundled feature performs better
than the classic visual word. This is because it combines more spa-
tial cues by bundling several classic visual words together. It is also
obvious that the G4 and G5 outperform the bundled feature in a
database containing 0.5 million images. This implies the stronger
descriptive power of the contextual vocabulary as well as the effec-
tiveness of the learned semantic group distance. From the mAPs
based on different image numbers, it is clear that, augmenting
the image database causes the performance degradation of both
classic visual word and contextual visual vocabulary. However,
the contextual vocabulary still outperforms classic visual word
with more compact vocabulary size (i.e., 36,100 and 44,100 contex-
tual vocabularies vs. 57,481 classic visual words). The sizes of in-
dex files of the five groups are compared in Table 4.

Intuitively from Table 4, the bundled feature needs larger mem-
ory to load the index for image retrieval. This is because for each
visual word in an image, it needs to store certain numbers of 19-
bit “bundled bits [21]”, which records the spatial context of visual
words. The bundled bit number equals to the number of bundled
features, where this visual word appears. Thus, in addition to 32-
bit image ID and the 16-bit visual word frequency, extra space is
needed to store the “bundled bits”, resulting in the large index file.
Differently, for contextual visual word based image index, we only
need to store the image ID and frequency clue for each contextual
visual word. Moreover, the spatial information is combined in indi-
vidual contextual visual words. Thus, the contextual visual vocab-
ulary based image index captures spatial contextual information
with very compact index size. The reason why G3-G5 show larger
index size than G1 is that more local feature groups can be ex-
tracted from each image than local features. As a result, the num-
ber of contextual visual words in images is generally larger than
the number of classic visual words.

Besides the comparisons of precision and memory consump-
tion, the efficiency is compared in Fig. 13. From the figure, it can
be observed that bundled feature is more time consuming. This
is because the spatial verification between bundled features is car-
ried out during the retrieval process [21]. The time cost consumed
by G3-G5 is mainly due to the computation of semantic group
distance between local feature groups and the contextual visual
vocabulary tree. However, once the image is transformed into

Bag-of-Contextual-visual-Words representation, the retrieval
operation can be finished efficiently. This is the reason why the
G3-G5 show similar efficiency with different numbers of indexed
images.

From this experiment, we can conclude that, the contextual vi-
sual vocabulary shows better performance than the bundled fea-
ture [21] and classic visual word [2]. In addition, the contextual
vocabulary is proven better than the bundled feature in efficiency
and memory consumption. Some examples of contextual visual
vocabulary based near-duplicated image retrieval are illustrated
in Fig. 14.

5.5. Discussions about limitations and solutions

Because of the complexity of image and the variety of image
context, identifying descriptive visual elements from images which
are comparable with the text words is a still challenging problem.
Therefore, we must address the limitations and challenging issues
with our algorithms, as well as provide feasible directions for solu-
tions in our future work.

The first limitation is about the efficiency of contextual visual
vocabulary. The semantic group distance learning as well as the
semantic group distance computation are relatively time consum-
ing, making the contextual visual vocabulary more expensive to
compute than the traditional visual vocabulary. Suppose the num-
ber of local features in each group is G, the total number of local
feature groups in the image is N, the dimension of SIFT feature is
D, and the total number of contextual visual vocabulary is K, then
the complexity of encoding local feature groups with contextual
visual vocabulary would be O(N -log(K) - (G! + G - D?)), which is
more expensive than the ones of geometric visual word and
semantic visual word, which are O(N-log(K)-D) and O(N-
log(K) - D?), respectively. To conquer this defect, we will focus on
the following two aspects: (1) we will study the algorithms for
quick group matching, e.g., the matching pursuit introduce in
[34] and (2) we will leverage the transfer learning to improve the
efficiency of the semantic group distance learning.

The second limitation is about the generality of the generated
visual vocabulary. The proposed visual vocabulary is generated
by clustering a large number of local features and local feature
groups. Thus, the gap between the training domain and the target
domain closely determines the performance of the generated vi-
sual vocabulary in different applications. Therefore, it is worth
studying how to improve the generality of the generated visual
vocabulary. In our future work, we will study to combine the trans-
fer learning in visual vocabulary generation to develop domain-
adaptive visual vocabulary.

Finally, in our current experiment, only the local feature group
containing two local features is studied. It is interesting to explore
the case when more local features are contained in each group.
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Fig. 13. The average time cost (second) per query (including the time for feature extraction).

Fig. 14. Some example of near-duplicated image retrieval based on contextual visual word, the left images are the queries.

Containing more local features in each group might be important
for more descriptive visual vocabulary generation. However, con-
taining more local features also requires more robust and effective
algorithms for local feature group detection and semantic group
distance computation. In addition, our semantic group distance
learning is based on a classic distance metric learning algorithm,
whose effectiveness has been proven in many works. It would be
interesting to test and study the state-of-the-art distance metric
learning theories [35-37]. This will be our future work.

6. Conclusion

In this paper, we improve the descriptive power of tradition
BoW image representation by capturing the semantic and geo-
metric contexts, which are largely ignored in traditional visual
vocabulary generation. We first propose the geometric visual
vocabulary which captures the spatial contexts by quantizing lo-
cal features in descriptor space and orientation space. Then, we
propose to capture the semantic context by learning the semantic
distance between local features. The learned semantic distance is
then utilized to create the semantic visual vocabulary. Finally, we
combine the geometric and semantic contexts to generate contex-
tual visual vocabulary. This is achieved by learning semantic

group distance between local feature groups and clustering the
group collection with the learned distance metric. We test the
proposed visual vocabularies in large-scale near-duplicated image
retrieval tasks. Experimental results show that the proposed geo-
metric visual vocabulary and semantic visual vocabulary achieve
better retrieval precision than the traditional visual vocabulary.
Moreover, the contextual visual vocabulary outperforms the
state-of-the-art bundled feature in both retrieval precision and
efficiency.

Our future work will mainly focus on four aspects: (1) we will
study quick feature matching algorithms to improve the efficiency
of the proposed contextual visual vocabulary; (2) Transfer learning
will be combined with the contextual visual vocabulary to improve
its efficiency and the generality; (3) The local feature groups con-
taining more local features will be further explored and (4) The
state-of-the-art distance metric learning algorithms will be future
studied and tested in our framework.
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