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ABSTRACT

Despite progress in image retrieval by using low-level fea-
tures, such as colors, textures and shapes, the performance is
still unsatisfied as there are existing gaps between low-level
features and high-level semantic concepts (semantic gaps).
In this research, we propose a novel image retrieval system
based on bag-of-features (BoF) model by integrating scale
invariant feature transform (SIFT) and local binary pattern
(LBP). We show that SIFT and LBP features yield comple-
mentary and substantial improvement on image retrieval even
in the case of noisy background and ambiguous objects. Two
new integration models are proposed: patch-based integra-
tion and image-based integration. By using a weighted K-
means clustering algorithm, the image-based SIFT-LBP inte-
gration achieves the superior performance on a given bench-
mark problem comparing to other existing algorithms.

Index Terms— bag-of-features (BoF), image retrieval,
SIFT-LBP, weighted K-means, histogram intersection.

1. INTRODUCTION

Content-based image retrieval (CBIR) is a technique to search
for the most visually similar images to a given query image
from a large image database. It has received increasing at-
tentions in recent years [2, 6, 13]. Low-level features such
as colors, textures, and shapes have been used to describe
the image content [4]. The main idea is to extract low-level
features from the images and measure the degree of similar-
ity between them to find the most similar ones in terms of
visual contents. There are advantages and disadvantages of
using these low-level features on CBIR systems. Color fea-
tures have high computational efficiency and are invariant to
rotation and scale. However, they do not consider the im-
age content and spatial distribution of colors. Texture fea-
tures can describe spatial variations in pixel intensities and
the surface characteristics of an object. But texture segmen-
tation still remains a difficult problem to meet human percep-
tion [5]. Shape-based features are relatively consistent with
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the intuitive feeling but lacking perfect mathematical founda-
tions to deal with the target deformation [6]. Therefore, only
using low-level visual features can hardly describe the seman-
tic concepts of images.

In recent years, mid-level features have attracted more at-
tentions. Among them, SIFT [3] features are invariant to ro-
tation, scaling, translation and small distortions. LBP fea-
tures [4] are considered as one of the best texture features
as they are invariant to monotonic changes in gray-scale, fast
to calculate and also complementary for some disadvantages
of the SIFT features. SIFT has been empirically proven to
be one of the most robust among the local invariant feature
descriptors with respect to different geometrical changes [8].
It represents blurred image gradients in multiple orientation
planes and at multiple scales. SIFT has shown great success
in object recognition and detection due to its invariance in
translation, scaling, rotation, and small distortions. The basic
idea is to look for the extreme points in the scale space, filter
these extreme points to find the stable feature points known as
keypoints, and finally compute local attribution of orientation
gradient and describe the keypoints by 4× 4× 8 vectors. The
local binary pattern (LBP) operator [4] is a texture descriptor
that has been widely used in object recognition and achieved
good performance in face recognition. Previous research used
uniform patterns representing the most essential texture infor-
mation showed a strong discriminative ability [4]. Based on
their advantages, Helkklla et al. [1] recently proposed a novel
region descriptor by combining SIFT and LBP features. In
this research, we will investigate how to use integrated SIFT-
LBP features in image retrieval.

In this paper, we design the local semantic descriptors by
integrating SIFT and LBP features. The new features do not
rely on the image segmentation and are able to automatically
detect interest points and regions in an image. The proposed
image model is based on the bag-of-feature representations
[9]. Features are computed for each image to form a high-
dimensional descriptor. These descriptors are clustered into
several key points which are referred to as visual words. Each
image is then represented by a distribution on visual words.
Given a query image, we aim to find a list of similar images
which are ranked by similarity scores based on visual vocab-
ulary distributions.
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2. BAG-OF-FEATURES MODEL

The bag-of-features (BoF) method is largely inspired by the
bag-of-words (BoW) [11] concept which has been used in text
mining. In the BoW model, each word is assumed to be inde-
pendent, though it is very counterintuitive, it has been well-
used in spam filtering and topic modeling [7] with outstanding
performance. In the BoF model, each image is described by
a set of orderless local features, recent research has demon-
strated its effectiveness in image processing [10]. It has two
key concepts: local features and codebook.

Local Features: The essential aspect of the BoF concept
is to extract global image descriptors and represent images as
a collection of local properties calculated from a set of small
sub-images called patches. For example, the SIFT patches are
small rectangular regions centered on interest points, while
the LBP patches are small round regions with the desired ra-
dius and a number of sampling points.

Codebook Representation: Codebook is a way that an im-
age can be represented by a set of local features [9]. The
idea is to cluster the feature descriptors of all patches based
on a given cluster number and each cluster represents a vi-
sual word that will be used to form the codebook [11]. After
obtaining the codebook, each image can be represented by
the BoF frequency histograms of the visual vocabulary of the
codebook. The similarity of images can be measured by com-
paring between the BoF histograms.

In this research, histogram intersection is used to compute
the similarity between two histograms of given images A and
B. The histogram intersection is defined by:

d (A,B) = 1−
n∑

i=1

min (ai, bi) (1)

where ai and bi represents the frequencies of visual words of
image A and B, respectively. For a given query image Q,
the distance between Q and each image in the database will
be calculated. Consequently, a set of images in database with
small similarity distance is selected and ranked from the most
to the least similar ones.

3. SIFT-LBP FEATURES INTEGRATION

SIFT may perform poorly when the background is complex or
corrupted with noise, LBP with uniform patterns is comple-
mentary to SIFT by filtering out these noises [4]. We believe
that the characteristics of an object in an image can be bet-
ter captured by combining these two features. Thereby, two
SIFT-LBP integrations methods are proposed in patch level
and image level, respectively.

3.1. Patch-based SIFT-LBP feature integration

We define pi (x, y, σ, θ) as a keypoint detected by SIFT ap-
proach, where (x, y) is the location of pixel pi in the original

image, σ and θ is the scale and main direction of pi respec-
tively. σ refers to the certain level of pi in Gaussian Pyramid.
Take a region with size of 16 × 16 as a patch where pi is the
center of the patch, then the SIFT-LBP descriptors are built as
follows:

Step 1. Use 128-dimensional SIFT descriptor to describe
each keypoint pi in a patch, denoted as SIFTi in the image.

Step 2. Choose a 8× 8 region around pi and compute the
uniform pattern LBPuj

8,1 of each pixel. These descriptors are
composed as a 64 dimensional vector, i.e.:

LBPi = [LBPu1
8,1 LBP

u2
8,1 · · · LBP

u64
8,1 ]

Step 3. LBPi is directly connected to the end of SIFTi,
thus a patch can be described as a 192-dimensional integrated
vector: SIFT -LBPi = [SIFTi LBPi]

3.2. Image-based SIFT-LBP feature integration

Because the patches around keypoints are sparse and then
much texture information could be missing. Therefore, we
propose another method of integrating by computing SIFT
and LBP descriptors of an image independently and link them
at an image level. These LBP-SIFT descriptors are built as
follows:

Step 1. The same as Step 1 in Section 3.1.
Step 2. Compute the uniform pattern LBPu

8,1 for each
image pixel.

Step 3. For each image, we independently build code-
books for SIFT and LBP features by using the weighted K-
means clustering algorithms introduced below.

3.3. Weighted K-means clustering

K-means clustering is one of the simplest unsupervised al-
gorithm that has been widely used in image processing [14].
It is also used to cluster the SIFT descriptors to form a code-
book in the bag-of-feature model [9]. K-means can be applied
directly to the patch-based integration. In the image-based in-
tegration, the number of LBP keys is much smaller than that
of SIFT keys (e.g., give a image of 384×256, it contains 1457
SIFT keys and 384 LBP keys) in a descriptor, it is quite pos-
sible that LBP features only take up a small percentage of the
total cluster centers. In this case, the SIFT features may be
dominated in the codebook whereas the LBP features are less
effective. We then use a weight parameter w (0 ≤ w ≤ 1) to
balance the importance between these two sets of features.

NSIFT = w ·N (2)

NLBP = (1− w) ·N (3)

where N is the predefined number of cluster centers (size of
codebook). NSIFT and NLBP are the number of cluster cen-
ters selected from SIFT keys and LBP keys, respectively. We
can adjust the weight of each feature in the codebook and
construct a most effective integrated feature set.
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Fig. 1: The proposed framework of image retrieval based
on the bag-of-features model using SIFT-LBP integrations.
SIFT and LBP features are extracted independently and inte-
grated by using proposed methods. A bag-of-features model
is trained on these integrated features. Given a new query im-
age, the similarity between the BoF histograms of the query
image and the ones in database is calculated in order to find
the most similar images from the database.

4. EXPERIMENTAL STUDIES

A schematic illustration of the experiment is shown in Fig. 1.
In the training process (the left-hand side of Fig. 1), SIFT and
LBP features are extracted from each image in the database,
and then be integrated for constructing the SIFT-LBP descrip-
tors (in two possible ways). After the weighted K-means clus-
tering, the codebook is generated by the integrated SIFT-LBP
descriptors. Each image is mapped to the codebook in order
to obtain its BoF histogram. In the retrieval process (the right-
hand side of Fig. 1), we input a query image, by comparing
its BoF histogram and other BoF histograms in the database,
we can obtain a ranked set of most similar images based on
Eq. (1).

In our experiments, we test a benchmark image dataset
Corel [12] that comprises 1000 images from 10 categories.
The images are with the size of either 256 × 384 or 384 ×
256. The quantitative measure we use is average precision [6]
which is defined by:

Table 1: Comparisons of average retrieval precision (ARP)
obtained by two proposed methods to other existing image
retrieval systems.

Class

Color,
texture,
shape
based [6]

Block
based
LBP
[5]

BoF
based
SIFT

Patch-
based
SIFT-
LBP

Image-
based
SIFT-
LBP

Africa .48 .23 .55 .54 .57
Beaches .34 .23 .47 .39 .58
Building .36 .23 .44 .45 .43
Bus .61 .23 .93 .80 .93

Dinosaur .95 .23 .98 .93 .98
Elephant .48 .23 .52 .30 .58
Flower .61 .23 .77 .79 .83
Horses .74 .23 .65 .54 .68
Mountain .42 .23 .34 .35 .46
Food .50 .23 .52 .52 .53

Total ARP .549 .230 .617 .561 .657

P (i) =
1

M

M∑
j=1

γ(i, j) (4)

where

γ(i, j) =

{
1 id(i) = id(j)
0 otherwise (5)

where P (i) is precision of query image i, id(i) and id(j) are
the category ID of image i and j, respectively, which are in
the range of 1 to 10. M is the original size of the category
that image i is from. This value is the percentage of images
belonging to the category of image i in the first M retrieved
images. For example, if the query image is a dinosaur (Fig.
1), if 70 of the first 100 (there are 100 dinosaur images in the
training set) retrieved images are belonging to the category of
dinosaurs, then the retrieval precision is 0.7.

First, we study the influence of the codebook size on re-
trieval performance of the system. We choose the size of
codebooks from {50, 100, 150, 200, 250}. The performance
is shown in Fig. 2. As we can see from the results, the best
size is 200 for this data set. In image-based integration ex-
periments, we tested different value of weight by allowing
w equals to the following numbers: {0.4, 0.5, 0.6, 0.7} given
codebook size equals 200. The results are shown in Fig. 3
from which we can see that w = 0.6 outperforms all the other
weights. The detailed results of using two integration meth-
ods for each of the 10 categories are shown in Table 1. For
the patch-based SIFT-LBP integration, we tested patch region
of 16× 16 and 8× 8 with different size of codebook, the best
results are obtained with patch size of 8× 8 and N = 200 are
listed in Table 1.

The new proposed patch-based SIFT-LBP scheme gener-
ally performs better than the previous two methods [5, 6].
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Fig. 2: Comparison of retrieval results with different number
of codebook size. Average retrieval precision (ARP) for 10
classes with different codebook size are presented using his-
tograms. Codebook size of 200 gives the best performances
in most of the 10 categories except for the category of Food.

However, its average performance is lower than BoF model
using SIFT only. That gives us a clue that adding LBP fea-
tures in patch-based scenario may not provide more discrim-
ination than using the SIFT features only. It is also very ob-
vious to see that if we integrate these two sets of features at
image level, we can achieve the best performance.

5. CONCLUSIONS

In this paper, we have proposed a novel method for image re-
trieval based on the bag-of-features model. The SIFT and
LBP features are integrated in two levels: patch-level and
image-level. Based on the experimental studies on a bench-
mark image retrieval problem, the image-based integration
gives the best performance comparing to other existing mod-
els when adopting codebooks size N = 200 and K-means
weight w=0.6, which means that the SIFT features and LBP
features taking the relative importance of 0.6 and 0.4, respec-
tively. The optimal parameters setting for this system will be
the future work.
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