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ABSTRACT
Due to the semantic gap, the low-level features are not able
to semantically represent images well. Besides, traditional
semantic related image representation may not be able to
cope with large inter class variations and are not very ro-
bust to noise. To solve these problems, in this paper, we
propose a novel image representation method in the sub-
semantic space. First, examplar classifiers are trained by
separating each training image from the others and serve as
the weak semantic similarity measurement. Then a graph is
constructed by combining the visual similarity and weak se-
mantic similarity of these training images. We partition this
graph into visually and semantically similar sub-sets. Each
sub-set of images are then used to train classifiers in order to
separate this sub-set from the others. The learned sub-set
classifiers are then used to construct a sub-semantic space
based representation of images. This sub-semantic space is
not only more semantically meaningful but also more reli-
able and resistant to noise. Finally, we make categorization
of images using this sub-semantic space based representation
on several public datasets to demonstrate the effectiveness
of the proposed method.

Categories and Subject Descriptors
I.2.10 [Artificial Intelligence]: Vision and Scene Under-
standing—representation, data structures, and transforms;
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I.4.10 [Image Processing and Computer Vision]: Im-
age Representation—statistical
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1. INTRODUCTION
The local feature based image representation is widely

used by researchers recently. Local features are first ex-
tracted either by detection or dense sampling. k -means clus-
tering or sparse coding is then used to generate the codebook
and encode these local features. Images are finally repre-
sented by bag-of-visual-words (BoW) representation. The
BoW model has been proven effective by many researchers
[1-5]. However, the visual words have no explicit semantic
correspondence with human perception which hinders the
discriminative power of the BoW model.

To alleviate this problem, a lot of works have been done.
On one hand, more discriminative and powerful features are
proposed [2-5]. These well designed features capture more
information and are more robust to outliers than traditional
BoW model. For example, the spatial pyramid matching
(SPM) is proposed by Lazebnik et al. [2] and is widely
used since its introduction. With the fast development of
computational power, the explore of more powerful features
will be a hot topic in the future.

On the other hand, the use of semantic related represen-
tation is also widely studied. Semantic space based image
representation is more interpretable than using local fea-
tures directly for humans. These semantic spaces can be
generated by latent space learning [6-8], using the training
images [9-10] or generic object classifiers [11]. However, the
learning of effective and robust semantic space is very hard
due to the well-known semantic gap. Besides, the seman-
tic space is often learned using all the training images of
the same class. However, objects may pose large inter class
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variations which makes it very difficult to learn reliable clas-
sifiers for robust semantic representation. For example, the
frontal view and the side view of a car are quite different.
To alleviate this problem, the use of attribute is introduced
[12-15] which helps to improve the image representation ef-
fectiveness. However, the attributes have to be pre-defined.
Besides, choosing the proper attributes requires experience
and extensive human labor which limits its scalability for
large scale applications.

Recently, the use of examplar image for object detection
[16] and categorization [17] become popular. The use of ex-
amplar classifier takes the advantage of semantic space based
image representation and is also more efficient and easy to
train than traditional methods [6-11]. Although proven ef-
fective, not all of the examplar classifiers are equally useful
for image representation. It would be more effective if we
can choose some discriminative examplar classifiers instead
of use all of them. Besides, images of the same class often
exhibit large inter class variations which means the seman-
tic meaning of examplar classifiers may not be so semantic
meaningful for efficient image representation.

To solve the problems mentioned above, in this paper,
we go one step further byond the bag of words based im-
age representation and propose to represent images in sub-
semantic space. First, we train exampler classifier for each
training image which serves as the weak semantic similar-
ity measurement. A visual and semantic similarity graph
is constructed by combing the visual similarity and weak
semantic similarity of training images. We then partition
this graph to get sub-sets of images which are visually and
semantically similar. Each sub-set of images are used to con-
struct a sub-semantic space representation of images. This
is achieved by learning SVM classifiers which separate one
sub-set of images from the others. Since we use a sub-set
of images for representation, this semantic space is named
as sub-semantic space. This sub-semantic space based im-
age representation is not only more semantically meaningful
than examplar based representation but also more resistant
to noise than traditional semantic space based image repre-
sentation. Finally, to demonstrate the effectiveness of the
proposed image representation method, we conduct object
categorization experiments on two public datasets.

2. SUB-SEMANTIC SPACE BASED IMAGE
REPRESENTATION

In this section, we give the details of the proposed sub-
semantic space based image representation method. We use
the sparse coding with locality constraints [18] and max
pooling technique as the raw image representation. For each
training image, visual similarity along with examplar clas-
sifier based weak semantic representation are used to con-
struct a visual-semantic similarity graph. This graph is then
partitioned to get sub-class partitions of training images.
These sub-class partitioned images are trained to get the
final sub-semantic representation of images by separating
each sub-class from the rest sub-classes.

2.1 Examplar classifier based weak semantic
similarity

We use the semantic space technique to represent images.
We try to learn a set of exemplar classifiers for each of the
training images. Each exemplar classifier is trained with

the corresponding training image and all the other images
of different classes which exhibits weak semantic meanings.
Since this is much easier than classifying the full-class im-
ages, we can use simpler classifiers such as linear SVM. This
weak semantic information is then used to measure the weak
semantic similarity of images.

Formally, let X = [x1, ..., xN ] ∈ RD×N be the set of D-
dimensional BoW representation of N images, where xi ∈
RD×1, i = 1, ..., N . These images are of K classes and let
Y = (y1, ..., yN ) ∈ {1, ..., K}N denote the corresponding im-
age labels. For each training image xi, i = 1, 2, ..., N , we try
to learn the optimal parameters (wi, bi) to separate xi from
all the other images of different classes by the largest possi-
ble margin, where wi ∈ RD×1. This is achieved by solving
the following optimization problem for all i as:

minwi,bi ‖ wi ‖2 +C×`(wT
i xi+bi)+

N∑
j=1

`(−wT
i xj−bi) (1)

∀yj 6= yi

Where C is the weighting parameter which controls the rel-
ative importance of xi. We use the hinge loss as our loss
function which has the form of:

`(x) = max(0, 1− x) (2)

Libsvm is used to train each exemplar classifier and we can
use it for weak semantic image representation. For a given
image x, we predict its semantic meanings for each exemplar
classifier and use the output of these classifiers as the weak
semantic representation h ∈ RN×1, where hi = wT

i x+bi, i =
1, 2, ..., N . The spatial pyramid matching (SPM) with three
pyramid levels (L = 0, 1, 2) is also used to combine the spa-
tial information and scale changes of this weak semantic rep-
resentation.

The weak semantic similarity swss(i, j) between image i
and j is then defined as:

swss(i, j) = exp‖hi−hj‖2/σ1 (3)

where σ1 is the parameter which controls the relative influ-
ence of weak semantic similarity.

2.2 Visual-semantic graph construction and par-
tition

Similarly, we can define the visual similarity svs(i, j) be-
tween image i and j as:

svs(i, j) = exp‖xi−xj‖2/σ2 (4)

where σ2 is the parameter which controls the relative influ-
ence of visual similarity.

We propose to use a visual-semantic graph to model the
visual similarity as well as the weak semantic similarity of
images. The nodes correspond to the training images while
the edges correspond to the visual-semantic similarity which
is defined as the sum of visual similarity and weak semantic
similarity

w(i, j) = αswss(i, j) + (1− α)svs yi == yj (5)

α is a balancing parameter which controls the relative im-
portance of visual similarity and weak semantic similarity.
Not that only images of the same class are considered. Let
W be the graph matrix with W = (wi,j)i,j=1,...,n and D
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be the corresponding diagonal degree matrix with its diag-
onal elements as di =

∑n
j=1 wi,j . The corresponding graph

Laplacian matrix is then defined as:

L = D −W (6)

We adopt the spectral clustering technique to group the
visual-semantic similarity graph into M sub-sets for each
image class. This is achieved by finding the first M eigen-
values (ordered increasingly) and corresponding eigenvectors
of L [22]. After these sub-sets of images are obtained, we
can use them to construct the sub-semantic representation
of images.

2.3 Sub-semantic space based image represen-
tation

Let X = [X1, ..., XMK ] be the partitioned training images
with Xk is the k-th subset. We propose to train linear SVM
classifiers to separate each subset of images with the oth-
ers and use the output of these learned classifiers for sub-
semantic space representation. This image representation
not only takes advantage of the semantic based represen-
tation, but also is more reliable and robust to noise than
examplar based weak semantic representation [17]. This is
because we can get ride of some confusing training samples
during the graph partition process. This makes the final im-
age representation more semantically meaningful. In fact,
the traditional semantic space based image representation
[9-10] and examplar based method [17] can be viewed as
special cases of the proposed sub-semantic space method. If
we set α to 0 and M to 1, the sub-semantic space based im-
age representation will degenerate to the traditional seman-
tic space method. If we set α to 1 and M to the number of
training images per class, the proposed sub-semantic space
method will degenerate to the examplar based method.

We choose to conduct object categorization experiments
to demonstrate the effectiveness of the proposed sub-semantic
space based image representation method. We follow the
one-versus-all strategy as [17] did and learn K binary SVM
classifiers to predict the categories of images.

3. EXPERIMENTS
We evaluate the proposed sub-semantic space based im-

age representation method for categorization on two pub-
lic datasets: the Scene-15 dataset [2] and the Caltech-256
dataset [19] as [17] did for fair comparison. We follow the
same experimental setup and densely extract SIFT descrip-
tors on overlapping 16×16 pixels with an overlap of 6 pixels.
Sparse coding [3] with locality constraint [18] is used to en-
code local features as it has been proven more effective than
k -means clustering method. Max pooling is then used to
extract image representation which is used for training ex-
emplar classifiers. The codebook size is set to 1,024 for the
two datasets.

3.1 Scene-15 dataset
The Scene-15 dataset has 15 categories (bedroom, CAL-

suburb, coast, forest, highway, industrial, insidecity, kitchen,
livingroom, mountain, opencountry, PARoffice, store, street,
tallbuilding) with a total of 4,485 images and ranges from
natural scenes to man-made environments. Each class of the
Scene-15 dataset has 200 to 400 images. The average image
size is 300×250 pixels. For fair comparison, we randomly
choose 100 training images per category and use the rest

Table 1: Performance comparison on the Scene-15
dataset. (ScSPM: Sparse coding along with spatial
pyramid matching; KSPM: Spatial pyramid match-
ing and kernel SVM classifier; LSS: Low-dimensional
semantic spaces with weak supervision; OB: Object
Bank; KCSPM: Kernel codebook and spatial pyra-
mid matching; WSR-EC: Weak semantic represen-
tation with examplar classifier; S3R: the proposed
sub-semantic space representation.

Algorithm Performance

KSPM [3] 76.73± 0.65
ScSPM [3] 80.28± 0.93
KSPM [2] 81.40± 0.50
LSS [9] 72.20± 0.20
OB [11] 80.9
KCSPM [20] 76.70± 0.40
WSR-EC(k -means) [17] 77.82± 0.63
WSR-EC(sparse coding) [17] 81.54± 0.59

S3R (k -means) 78.35± 0.64
S3R (sparse coding) 82.86± 0.75

images for testing, as did in [2, 3, 17]. We repeat this pro-
cess for 6 times. We report our final results by the mean and
standard deviation of the average of per-class classification
rates.

We give the performance comparison of the proposed method
with [2, 3, 9, 11, 17, 20] in Table 1. KCSPM [20] tried to
alleviate the information loss during hard assignment of vi-
sual words and used soft assignment instead. We give the
results of the proposed method using k -means clustering and
sparse coding for local feature encoding respectively. We can
see from Table 1 that the proposed method achieves good
performance which clearly demonstrates the effectiveness of
the proposed method. The use of sub-semantic based im-
age representation makes the S3R not only more semanti-
cally meaningful than examplar classifier based method but
also helps to get ride of some noisy examplar image which
may hinder the final performance. The use of sparse cod-
ing helps improve the performance over k -means clustering
based method.

On analysis of the detailed categorization performance,
we found that the relative improvement of S3R over WSR-
EC is on the indoor classes. We believe this is because the
outdoor classes are relatively easy and has smaller inter class
variations compared with indoor classes. It is sufficient to
use examplar classifier based method while still obtaining
good performance for the outdoor class.

3.2 Caltech-256 dataset
The Caltech-256 dataset contains 256 categories of 29,780

images with high intra-class variability and object location
variability. Each class of the Caltech-256 dataset has at
least 80 images. We follow the experimental setting as [3,
17] did and randomly choose 15, 30 and 45 images per class
for training and use the rest of images for testing.

We give the performance comparison of the proposed method
with other methods [3, 17-22] in Table 2. Classemes [21]
used weakly trained object classifiers for object categoriza-
tion while the NBNN [22] method worked directly on lo-
cal features without local feature quantization. We can see
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Table 2: Performance comparison on the Caltech-
256 dataset. (Classemes: Classification with
weakly trained object classifiers based descrip-
tor; NBNN: Naive-Bayes Nearest-Neighbor; LLC:
Locality-constrained linear coding.)

Algorithm 15 training 30 training 45 training

KSPM [3] 23.34 ± 0.42 29.51 ± 0.52 −
ScSPM [3] 27.73 ± 0.51 34.02 ± 0.35 37.46 ± 0.55
Classemes [21] − 36.00 −
OB [11] − 39.00 −
NBNN(1 Desc)[22] 30.45 38.18 −
KSPM [19] − 34.10 −
LLC [18] 34.36 41.19 45.31
KCSPM [20] − 27.17 ± 0.46 −
WSR-EC [17] 35.28 ± 0.65 42.01 ± 0.47 45.82 ± 0.54

S3R 37.18 ± 0.52 42.87 ± 0.54 46.06 ± 0.48

from table 2 that S3R performs better than WSR-EC which
demonstrates the effectiveness of using sub-semantic space
for image representation. Besides, S3R also outperforms
the OB method which leverages the internet resources for
semantic image representation. Since images of the Caltech-
256 dataset have larger inter class variations than the Scene
15 dataset, more sub-semantic classes are needed in order to
get better object categorization performance.

In our future work, we will study how to select the proper
sub-semantic space with sparsity constraints [23, 24].
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