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Abstract

Sparse coding which encodes the original signal in a
sparse signal space, has shown its state-of-the-art perfor-
mance in the visual codebook generation and feature quan-
tization process of BoW based image representation. How-
ever, in the feature quantization process of sparse coding,
some similar local features may be quantized into differ-
ent visual words of the codebook due to the sensitiveness of
quantization. In this paper, to alleviate the impact of this
problem, we propose a Laplacian sparse coding method,
which will exploit the dependence among the local features.
Specifically, we propose to use histogram intersection based
kNN method to construct a Laplacian matrix, which can
well characterize the similarity of local features. In addi-
tion, we incorporate this Laplacian matrix into the objec-
tive function of sparse coding to preserve the consistence
in sparse representation of similar local features. Compre-
hensive experimental results show that our method achieves
or outperforms existing state-of-the-art results, and exhibits
excellent performance on Scene 15 data set.

1. Introduction

Image classification is one of the fundamental prob-
lems in computer vision, which has attracted lots of re-
searchers’ attention these years. Many image representa-
tion models have been proposed for this problem, such as
Part-based model [3], Bag of Words(BoW) model [ 18], etc.
Amongst these models, BoW model has shown excellent
performance and been widely used in many real applica-
tions (such as image classification [22], image annotation
[21], image retrieval [16] and video event detection [24])
due to its robustness to scale, translation and rotation vari-
ance.

BoW image representation contains the following three
modules: (i) Region selection and representation; (ii) Code-
book generation and feature quantization; (iii) Frequency
histogram based image representation.

" Similar features to be quantized

© @ %0 Visual words

¢ o
¥ : w’* * J*/
| -
L] v 0

k-means Sparse Coding Laplacian Sparse Coding

Figure 1. Feature Quantization strategies for different methods. In
k-means, each feature is only assigned to one clustering center; In
sparse coding, features are automatically assigned to the centers
that can optimally reconstruct this feature, but it is sensitive to
feature variance. In Laplacian sparse coding, similar features are
not only assigned to optimally-selected cluster centers, but we also
guarantee the selected cluster centers are also similar. Therefore,
Laplacian sparse coding is more robust for feature quantization.

In these three modules, codebook generation and feature
quantization are the most important and govern the quality
of image presentation. Codebook, whose entries are termed
as visual words, is a collection of basic patterns used to re-
construct the input local features. Usually hard assignment
method, such as k-means is adopted to generate the code-
book, and kNN is used to assign each local feature to the
visual words. However, such method may cause severe in-
formation loss [1] by assigning each visual feature to only
one visual word, especially for those features located at
the boundary of several visual words. Thereafter, soft as-
signment [16, 19] is introduced to assign each feature to
more than one visual words. However, the way of assigning
weight to the visual words and the number of visual words
to be assigned for each visual feature are not trivial to be
determined.

One evident drawback in BoW model is the spatial in-
formation loss. To overcome this, Lazebnik et al.[8] ex-
tended the BoW model with Spatial Pyramid Matching Ker-
nel (SPM) by exploiting the spatial information of location
regions. More specifically, each image is partitioned into
increasingly finer sub-regions and Pyramid Match Kernel
[4] is used to compare corresponding sub-regions. Many
work [8, 24, 25] have shown the effectiveness of SPM in



many computer vision applications including image classi-
fication, image retrieval and video retrieval.

Recently, Yang et al.[25] proposed an extension of SPM
by using Sparse Coding (referred to as ScSPM), and showed
state-of-the-art performance in image classification. By re-
placing k-means with sparse coding, their method can au-
tomatically learn the optimal codebook, and concurrently,
search for the optimal weight to be assigned to the visual
words for each local feature. In this way, both the quantity
of codebook and the accuracy of the quantization process
are improved. After this, SPM based maximum pooling is
used to summarize all the local features information to rep-
resent the image. However, in sparse coding, local features
are dealt separately. The mutual dependence among local
features is ignored, which results in the sparse codes may
vary a lot even for similar features. To overcome this draw-
back, in this paper, we propose a more robust sparse coding
method: Laplacian sparse coding which can be used to learn
the codebook and quantize local features more robustly. We
illustrate the difference among k-means, sparse coding and
Laplacian sparse coding in Fig. 1.

The contributions of this paper can be summarized as
follows: we propose a more robust Laplacian Sparse Cod-
ing for feature quantization. By introducing a histogram
intersection based kNN method to construct Laplacian ma-
trix, which can well characterize the similarity between the
local features, our new formulation can generate more dis-
criminative sparse codes which can be used to represent the
image more robustly. Moreover, as shown in Section 4.6
and 4.7, this dependence can dramatically reduce the quan-
tization error and preserve the consistence of sparse codes
of the similar local features during the image representation
process.

The rest of this paper is organized as follows: We will
discuss the related work in Section 2. In Section 3, we pro-
pose Laplacian sparse coding framework for feature quanti-
zation and image classificationin which histogram intersec-
tion based kNN method is used to construct the Laplacian
matrix to measure the dependence among the local features.
Experimental results on several publicly available data sets
are reported in Section 4. We give the conclusive remarks
in Section 5.

2. Related Work

Several variants of sparse coding technique have been
proposed in recent research by adding some additional reg-
ularization and/or constraints. Kavukcuoglu et al. pro-
posed spatial consistent sparse coding for local feature
extracting[7]. By adding additional spatial consistent con-
straint, they can extract discriminative features for image
representation. Julien ef al. successfully used simultane-
ously sparse coding to make all features response to a sub-
set of the codebook in image restoration[15]. In this way,

the similarity between the features are obtained. But forc-
ing dissimilar features to have similar response may worsen
the performance.

Sparse coding has been used in image classification in
recent work[17, 25]. Mairal et al. [14] proposed a joint
dictionary learning and classifier construction framework.
By adopting sparse coding to generate the codebook, their
model achieved excellent performance in texture classifi-
cation. However, their model cannot be easily embedded
in BoW model based image classification framework. Our
work extends ScSPM proposed by Yang et al. [25], referred
to as LScSPM. LScSPM automatically learns an unsuper-
vised dictionary, as well as the sparse representation that
preserves the consistence of similar local features. The de-
tails of our method will be described in the following sec-
tions.

3. Spatial Pyramid Matching using Laplacian
Sparse Coding (LScSPM)

3.1. Sparse Coding for Codebook Generation

k-means clustering is widely used for the codebook gen-
eration in BoW model. In k-means method, the data matrix
of local feature space X = [x1,x9,...,xn] (x; € R¥1)is
partitioned into k clusterings S = [S7, Sa, ..., S|, and the
corresponding centers U = [uy, us, ..., uz] € R¥** form
the codebook. In k-means clustering, each local feature is
assigned to one clustering center only, and the weight con-
tributing to that center is 1. Note that k-means aims at find-
ing these clustering centers and minimizing the inter-class
error. This can be formulated as optimization problem:
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Here V is a matrix of clustering indices. V =
[v1,v2,...,vN] (Where v; € RF*1). However, the con-
straint that each local feature only contributes to one visual
word is too strict, especially for those points located at the
boundary of several clusters. To this end, the hard constraint
Card(v,,) = 1 on vy, is usually relaxed for the soft as-
signment method. Moreover, to avoid each feature to be
assigned to too many clusters, the sparse constraint on the
weight vector v, is usually added to the objective. Then,
we arrive at the optimization problem of sparse coding ':

N

min x; — Uv||? + \||v;
pip 2 s = Ul + Al o

subject to: |uj| <1,¥5=1,... k.

'We only sample some features to learn the codebook U due to the
large amount of local features.



3.2. Laplacian Sparse Coding

Sparse coding has shown its effectiveness in feature
quantization. However, there still exists two limitations: (i):
Due to the over-complete codebook/dictionary, even a small
variance in local features may result in totally different re-
sponses to the basis in the codebook(Fig. 6). Thus, sparse
coding is sensitive to the variance of the features [7]. This
can greatly influence the final image representation. (ii): In
addition, the dependence information among the local fea-
tures is lost during sparse coding process. However, recent
work shows that the relationship among the features are im-
portant for image representation, such as the geometric re-
lationship [23].

To better characterize the relationship between the local
features and alleviate the sensitiveness of sparse coding, in
this subsection, we introduce the Laplacian sparse coding.
More specifically, the similarity among the sparse codes is
considered during the process of sparse coding. Different
from simultaneously sparse coding[ | 5], we explicitly intro-
duce a regularization term into the optimization problem (2)
to preserve the consistence of sparse codes for the similar
local features. Thus, the sparse codes for local features are
no longer independent. Moreover, with the use of this reg-
ularization, the quantization error of the local features can
be significantly reduced and the similarity of sparse codes
among the similar local feature can be maximally preserved.
Denote the similarity matrix > as 1/, which encodes the re-
lationship among the local features. The resultant optimiza-
tion problem is reformulated as follows:

minll X —UVIE+ 2 ol + /23 los = vy Wiy
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subject to: |um|* < 1.
3)

Here the Laplacian matrix L is defined as L = D — W
where Dj; = > j W;; is the degree of the it node, and we
also set Wy; = 0(i = 1,2,...,n), and ||u,,||? < 1is used
to avoid the scaling problem of w,,,.

3.3. Implementation

The formulation (3) is not convex for U and V' simulta-
neously, but it is convex for U when V is fixed and it is also
convex for V when U is fixed. Following the work[9], we
optimize U and V" alternatively. Due to large quantity of lo-
cal features, it is computationally infeasible to construct the
Laplacian matrix using all the features and learn the sparse

2The size of similarity matrix: W € RNXN and N is the local feature
number sampled for codebook generating.

codes for all the features simultaneously. So we use the fol-
lowing two stages to learn the sparse codes for each feature.
Step 1: Learning codebook and sparse codes of template
feature. We firstly randomly sample some local features,
here we call them template features, to construct the Lapla-
cian matrix. And we use these template features to learn the
codebook U. Meantime, we keep the sparse codes of these
template features.

Step 2: Learning sparse codes for new features. When a
new feature comes in, we calculate its k nearest neighbors in
the template feature pool and form a similarity vector W.
Suppose that the input of this new feature does not affect
the graph used in the codebook learning process, then the
sparse codes for the template features are fixed. We just
need to optimize the following objective:

min|z — Uv|[F + Aol + BY o —willPW; @

Here x and v are the new local feature and the correspond-
ing sparse code. Subscript ¢ is used to index the template
feature. And W is calculated by using histogram intersec-
tion based kNN strategy. Therefore, we can get the sparse
code for this new feature.

More specifically, when V is fixed in formula (3), we can
update the codebook by optimizing the following objective
using conjugate gradient decent method[9].

mgnHX —UV||% st |uml* <1 5)

When U is fixed, we optimize each v; alternatively rather
than optimize (3) simultaneously. To optimize each v;, we
fix the sparse codes v;(j # %) for other local features. So
the optimization of objective of (3) equals to optimizing the
following objective:

nﬁnL(vi) + AMvil1, ©)

where L(Ui) = ||JJL — UUiH2 + ﬁ(’l)lT(VLl) + (VLi)T’Ui -
viTLiivi), and L, is the i" column of L and L;; is the en-
try located in the i*" column, i*" row of L. We follow the
feature sign search algorithm[9] to solve the v;. It is wor-
thy mentioning that in order to speed up the convergence of
sparse codes, we initialize the sparse codes as the results of
general sparse coding.

3.4. Histogram Intersection for Laplacian Matrix

As aforementioned, one can incorporate different simi-
larity matrix W into our proposed Laplacian sparse coding
to generate the codebook and quantize the local features.
Recall that local descriptor SIFT is actually the histogram
of the gradients in a local patch, the desired result is for sim-
ilar local features to have similar sparse codes according to



the histogram information. Moreover, histogram intersec-
tion has shown its effectiveness in evaluating the similarity
between two histograms [22, 8]. So it is natural to use his-
togram intersection to construct the similarity matrix of the
SIFT features. In addition, compared with Gaussian kernel,
histogram intersection can be easily used as there is no need
to tune the parameter, and the performance of Gaussian ker-
nel is very sensitive to the parameter.

The histogram intersection between two histograms is
defined as follows:

D
W (Hi, Hy) = min(Hia, Hja) @
d=1

where D is the dimension of two histograms. After that,
we use kNN method to construct the similarity matrix W.
Specifically, if x; is in the k nearest neighbor of z;, then we
set Wi = Wj; = W(x;, ), otherwise we set IW;; = 0. In
our experiments, we set k = 5.

3.5. Maximum Feature Pooling and Spatial Pyra-
mid Matching Based Image Representation

After sparse coding, we can learn both the codebook, in
which each basis vector represents one basic local patch pat-
tern, and hundreds of thousands of sparse codes. Each entry
of certain sparse code represents the response of the patch
to the corresponding basic pattern in the codebook. On the
one hand, noises usually behave as small response to the ba-
sic patterns in the codebook, and it is necessary to overcome
these noises to make the image representation more robust.
On the other hand, to follow the work of Yang et al.[25] for
a fair comparison, we use maximum pooling based image
representation. Suppose one image region has n local fea-
tures, and the codebook size is k. The sparse codes for these
local features are [v1,va, . .., v,]. After maximum pooling,
each image will be represented by a k£ dimensional vector
y, and the [*" entry is the largest response to the /' basis
vector of the all the sparse codes in the selected region (v,
is the I*" entry of v,,):

yl:max{|vll|7|v2l|7'-'7‘vnl‘} (3)

To preserve the spatial information, SPM is also used in
our method. By dividing the whole image into increasing
finer regions and using maximum pooling image represen-
tation in each subregion, both the spatial layout and more
basic pattern responses will be retained.

4. Experiments

In this section, we evaluate our method on several data
sets: Scene 15, Caltech 256, Corel10 and UIUC-Sport. Ex-
periments setting, quantization error and similarity between
Laplacian sparse codes are also analyzed in this section.

4.1. Parameters Setting

Local features descriptor is essential to image rep-
resentation. In our work, we adopt the widely used
SIFT[11] feature due to its excellent performance in im-
age recognition[2, 20, 1, 6]. To be consistent with previous
work[8, 25], we use the same setting to extract SIFT feature.
Specifically, we use dense grid sampling strategy to select
regions of interest. It is empirically showed that higher per-
formance can be achieved if smaller step size is used, which
results in more local patches and inevitably increases the
computation costs. To fairly compare with others, we fix
the step size and patch size to 8 and 16 respectively. We
also resize the maximum side(lenth/width) of each image
to 300 pixels®. After obtaining the SIFT, we use £2-norm
to normalize the SIFT feature to 1. For the codebook size,
we fix it to 1024, and randomly select (1.0 ~ 1.2) * 10°
features to generate codebook for each data set. All the re-
sults for each data set are based on 6 independently exper-
iments, and the training images are selected randomly. For
SPM, we use the top 3 layers and the weight for each layer
is the same. We use one-vs-all linear SVM due to its ad-
vantages in speed and excellent performance in maximum
feature pooling based image classification[25].

In our formulation, the most important two parameters
are (i): the sparsity of the sparse codes . The perfor-
mance is best in ScSPM[25] when it is 0.3-0.4. We fol-
low the same setting of 0.3-0.4.(ii): the weight on the simi-
larity constraint 3; According to our observation, the per-
formance is good when g is fixed at 0.1(y = 0.3) or
0.2(y = 0.4). Specifically, in Caltech 256 and UIUC-Sport,
we set = 0.1, = 0.3, and in Scene and Corel10, we set
8=02,v=04.

4.2. Scene 15 Data Set

Scene 15 contains 15 categories and 4485 images in all,
200 to 400 images per category. The image content is di-
verse, containing not only indoor scene, such as bedroom,
kitchen, but also outdoor scene, such as Building and coun-
try efc. To compare with others’ work, we randomly select
100 images per class as training data and use the rest as test
data. We list the performance based on different methods
in Table 1*. Moreover, the confusion matrix for scene is
shown in Fig. 2.

Table 1 shows that our LScSPM can achieve extremely
high performance on scene classification and outperform
ScSPM by nearly 10% by adding the Laplacian constraint.
The probable reason is that for scene, it contains more plen-
tiful textures in each single patch, which results in the unsta-
bleness for sparse coding process. By adding the Laplacian

3For UIUC-Sport data set, we resize the maximum side to 400 due to
the high resolution of original image.
4All the results of HIK + OCSVM are based on step size = 8 in this

paper.



Table 1. Performance Comparison on Scene 15 Data Set(%)
(KSPM: Spatial pyramid matching and SVM using Histogram
intersection kernel; ScSPM: Sparse coding incorporating spatial
pyramid matching; HIK+OCSVM: Using Histogram intersection
kernel and one class SVM to quantize local feature.)

Method Average Classification Rate
KSPM[&] 81.40+0.50
ScSPM[25] 80.28+0.93
HIK+OCSVM[22] 84.00+0.46
LScSPM 89.75+0.50
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Figure 2. Confusion Matrix on Scene 15 Data Set(%). In confusion
matrix, the entry in the ' row and 5 column is the percentage
of images from class ¢ that are misidentified as class j. Average
classification rates for individual classes are listed along the diag-
onal.

Figure 3. Some misclassified instances in Scene 15 Data Set. The
images in 1°* row are from kitchen, but they are misclassified as
living room, and the images in 2"¢ row are from class living room
but they are misclassified as kitchen.

term, similar patches will be encoded into similar sparse
codes. Thus image can be more accurately represented.

Fig. 2 shows the classification and misclassification sta-
tus for each individual class. Our method performs amaz-
ingly good for class office, suburb and forest(more than
99%). What’s more, we notice that the class kitchen and liv-
ing room have a high percentage being classified wrongly,
and this may result from that they are visually similar to
each other. We list some misclassified images in Fig. 3 of
these two classes.

4.3. Caltech 256 Data Set

Caltech 256> contains 256 categories and 29780 images
besides a background class in which none of the image be-
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longs to these 256 categories. Compared with Caltech 101,
in which the objects are often in the center of image, the
intra-class variance, including object location, in Caltech
256 is much bigger. Therefore Caltech 256 is a very chal-
lenging data set so far for object recognition. We evaluate
our method under the four different settings: 15, 30, 45 and
60 training images respectively. The results on this data
set are listed in Table 2. From this table we can see that
our method can outperform or achieve state-of-the-art per-
formance on this data set. Moreover, our method is more
robust in term of the accuracy.

Table 2. Performance Comparison on Caltech 256 Data Set(%)
(KC: Kernel codebook;)

TmNO| KSPM[5] KC[19] ScSPM[25]] LScSPM

15 NA NA 27.73£0.51| 30.00-0.14
30 34.10 | 27.17+0.46] 34.02+0.35 35.74+0.10
45 NA NA 37.46+0.55| 38.540.36
60 NA NA 40.14+0.91| 40.4320.38

www.vision.caltech.edu/Image Datasets/Caltech256/

We notice that as the number of training data increases,
the improvement of our method decreases compared with
ScSPM in Table 2. The reason may be that the Laplacian
term can make similar features close to each other in the
sparse codes space by reducing the variance. This results
in the images belonging to the same class are finally repre-
sented similarly. As a result, features distribution density of
the same class is enhanced. This will facilitate the classifi-
cation performance. As the training data increases, the dis-
tribution density of the feature from the same class is dense
enough. So the improvement compared with sparse coding
without Laplacian becomes smaller.

4.4. UIUC-Sport Data Set

UIUC-Sport[10] contains 8 categories and 1792 images
in all, and the image number ranges from 137 to 250.
These 8 categories are badminton, bocce,croquet, polo, rock
climbing, rowing, sailing and snow boarding. To compare
with others” work, we also randomly select 70 images from
each class as training data and randomly select 60 images
as test data. We list our results in Table 3. Moreover, the
confusion matrix for this data set is shown in Fig. (4).

Table 3. Performance Comparison on UIUC-Sport Data Set(%)

Method Average Classification Rate
ScSPM[25], 82.74+1.46
HIK+OCSVM[22] 83.54+1.13
LScSPM 85.31+0.51
4.5. Corell0 Data Set

Corell0[ 3] contains 10 categories and 100 images per
category. These categories are skiing, beach, buildings,
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Figure 4. Confusion Matrix on UIUC-Sport Data Set(%).

tigers, owls, elephants, flowers, horses, mountains and food.
Following the setup of Lu et al.[13], we randomly select 50
images as training data and use the rest 50 images as test
data. Results of our method are shown in Table 4 and Fig.
5.
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Figure 5. Confusion Matrix on Corel10 Data Set(%).

Table 4. Performance Comparison on Corel10 Data Set(%) (SMK:
Spatial Markov Model; SMmK: Spatial Mismatch Kernel)

Method Average Classification Rate
SMmK] 3] 90.0
SMK][12] 77.9
ScSPM[25] 86.2+1.01
LScSPM 88.4+0.78
LSeSPM+CM 92.0+1.12

Table 4 shows the effectiveness of our method. But we
notice that SMmK achieves better results, this is because
both texture and color features are used in SMmK, and im-
ages in the same class show similar color distribution in this
data set. By incorporating block-wise color moment(CM),
our LScSPM+CM can achieve the best performance of all
the methods under comparison.

4.6. Feature Quantization Error

Average quantization error (AverQE) is an important
index for evaluatirll\g the quality of feature quantization.
AverQE = % .0, l@i — Uv;||%. Smaller quantization
error means less information loss in the feature quantiza-
tion, which will boost the classification performance. We

compute the AverQE of our Laplacian sparse coding (LSc)
and Sparse coding (Sc) on all the template features in Table
5. Our method can greatly decrease quantization loss. The
reason is that sparse codes of Laplacian sparse coding pre-
serve the spatial consistence of SIFT features, while sparse
coding does not preserve these redundancies among similar
SIFT features.(as shown in Fig 1 and 6).

Table 5. Average Feature Quantization Error on Different Data
Sets.

Scene | Caltech 256 | Sport | Corel
Sc | 0.8681 0.9164 0.8864 | 0.9295
LSc | 0.1802 0.1161 0.1245 | 0.1810
Laplacian Sparse codes for a feature pair, Similarity = 0.8541
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I ’
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Figure 6. The sparse codes for two similar SIFT features. The
sparse codes for these SIFT features are totally different. But our
Laplacian sparse codes are still similar.
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Figure 7. The similarity correspondence relationship between the
of the sparse codes and the SIFT features.

4.7. Similarity Correspondence Between SIFT and
Laplacian Sparse Codes

The main contribution of our formulation is the similar-
ity preservation. To illustrate this, we plot the Laplacian
sparse codes and sparse codes for a pair of similar SIFT
features sampled from scene 15 data set in Fig. 6. It can be
shown that the responses from similar SIFT features using
Laplacian Sparse Coding are very similar, but the responses
from similar SIFT features using Sparse Coding vary a lot.
To further evaluate this, 200 SIFT features from the scene



15 data set are randomly selected. We calculate their pair-
wise similarity by using histogram intersection. We also
calculate the similarity of their sparse codes and Laplacian
sparse codes by using normalized correlation. We plot their
similarity correspondence in Fig. 7. Fig. 7 shows an evident
linear trend of the similarity between sparse codes against
the similarity between SIFT features, which proves that our
Laplacian sparse coding preserves the similarity of original
features.

5. Conclusion

In this paper, we propose a new framework of sparse
coding for feature quantization in BoW model. By adding
the locality preserving constraint among similar local fea-
tures in the objective, the relationship between local fea-
tures can be kept. By using histogram intersection based
kNN method to construct the Laplacian matrix, our method
can robustly characterize the local features in sparse codes
domain. Experimental results show that our method can
achieve excellent performance, especially on Scene 15 data
set, and outperform the general sparse coding framework.
All these sufficiently demonstrate the effectiveness of our
method.
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