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ABSTRACT 
In this paper, we draw an analogy between image retrieval and 
text retrieval and propose a visual phrase-based approach to 
retrieve images containing desired objects. The visual phrase is 
defined as a pair of adjacent local image patches and is 
constructed using data mining. We devise methods on how to 
construct visual phrases from images and how to encode the 
visual phrase for indexing and retrieval. Our experiments 
demonstrate that visual phrase-based retrieval approach can be 
very efficient and can be 20% more effective than its visual word-
based counterpart.   

Categories and Subject Descriptors 
H.2.8 [Database Management]: Database Applications – Image 
databases. H.3.1 [Information Storage and Retrieval]: Content 
Analysis and Indexing – Indexing methods;  

General Terms 
Algorithms, Experimentation, Performance. 

Keywords 
Object-based image retrieval, visual phrase, SIFT, inverted index. 

1. INTRODUCTION 
With the increasing convenience of capture devices and wide 
availability of large capacity storage devices, the amount of 
digital images that an ordinary people can reach has become so 
vast that effective and efficient ways are being called for to locate 
the desired images in the sea of images. This paper investigates an 
important branch of content-based image retrieval: object-based 
image retrieval (OBIR). The goal of OBIR is to find images 
containing desired object by providing retrieval system an 
example image or some example images of the desired object. 
Example application scenarios can be “find me images containing 
human face” and “find me images containing piano” by querying 
the face image(s) and piano image(s). 

This paper draws an analogy between object-based image 
retrieval and text retrieval. Essentially, images are particular 
arrangements of different pixels in 2D space, while documents are 

 
Figure 1. An analogy between image and text document in 
semantic granularity. 

particular arrangements of different letters in 1D space. Figure 1 
shows the semantic granularities of image and document and 
analogies between their constituent elements. We equate pixels to 
letters, patches to words, patch pairs to phrases, objects to 
sentences. 

Seen from a perspective analogous to text retrieval, current object 
retrieval techniques can be generally categories into three groups: 
visual letter-based, visual word-based and visual sentence-based.  

Visual letter-based approach is to retrieve object by using the 
aggregate of pixel-based attributes as query, for example, color 
histogram, texture histogram, and so on. [8] gives a thorough 
survey of approaches of this type. To retrieve images containing 
object in I1 shown in Figure 2, visual letter-based approach 
accomplishes it by finding all images who are 70% in green and 
30% in red. Consequently, three images I1, I2, I3 are all correct 
answers. The structural information in image is completely 
ignored in visual letter-based approaches. This is similar to 
retrieve documents containing sentence “Adam Sith and Ada 
Smith” by asking for documents that have a sentence composed 
by 4 a’s, 3 d’s, 2 h’s, 2 i’s, 2 m’s, 2 s’s, 2 t’s and 1 n.  

Visual word-based approach is to retrieve images containing 
desired objects by using parts of objects as queries, which is 
similar to retrieve documents containing desired sentences by 
using the words in the sentences. In such approaches, e.g. 
[2][5][7], images are viewed as bags of visual words, where the 
visual words can be regions segmented by region segmentation 
algorithms [2][5] or local patches extracted by patch extraction 
algorithms [6][7]. The inverted index is well suited to index the 
visual words. Visual word-based approaches take into account the 
structural information within each region and patch. However, 
structural information between regions and patches is still lost. 
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 Figure 2. A motivating example that inspires our visual 
phrase-based image retrieval approach. 
Let’s consider again the example shown in Figure 2.  By querying 
two independent local patches, we can still have the false match 
I2. Analogously, querying four independent words Ada, Adam, 
Sith and Smith is inadequate to distinguish “Adam Sith and Ada 
Smith” from “Adam Smith and Ada Sith”. 

In visual sentence-based approaches, object itself, without parsed 
into its constituent elements, is used as a query to retrieve images. 
For example, in [4], each query object is represented as a 
probabilistic model and the model is used as an atomic query.  
This is analogous to retrieve documents containing specified 
sentence by querying the whole sentence itself, without parsing 
the sentence into words. To facilitate efficient retrieval, indexing 
objects and sentences seems promising, as which have been 
demonstrated in (visual) word-based approaches. However, to 
index objects for image retrieval and to index sentences for 
documents retrieval are both unrealistic. There are incalculable 
different sentences and different objects, which require not only 
prohibitive amount of space to accommodate the indexes but also 
considerable amount of time to search in these indexes. Things 
get even worse for image retrieval in that current computer vision 
techniques are still far from maturity to automatically detect and 
segment various objects in the images. In fact, Hoiem et al. [4] 
use no index but resort to exhaustive search. Their system 
performs a windowed search for user’s interested object over 
location and scale in each database image. Clearly, the brute force 
nature of their approach is not scalable when the image database 
gets larger.  

Given that phrases have been successfully adopted in document 
retrieval [9] and document clustering [3], can we devise visual 
phrase-based approach for effective and efficient OBIR? This 
paper provides an affirmative answer to this question. In our 
approach, we extract scale and orientation invariant local image 
patches from each image and cluster all the patches into different 
clusters to form the visual vocabulary. The spatial proximities of 
patches in the images are considered by representing adjacent 
patches as visual phrases. Through an encoding scheme to 
represent visual phrases as strings, we translate visual phrase-
based image indexing and retrieval into text indexing and retrieval. 
The superiority of (visual) phrase-based retrieval can be 
illustrated using Figure 2. We believe our visual phrased-based 
approach is better than visual word-based approaches in that 
visual phrases maintain the structural information between local 

patches and are therefore more discriminative to express the 
structural concepts in the images. We also believe our visual 
phrase-based approach is better than visual sentence-based 
approach in that visual phrase may be shared by different objects. 
Hence, the number of visual phrases can be significantly less than 
the number of objects, which facilitate indexing.  

The rest of the paper is structured as follows: In section 2 we 
describe in detail our visual phrase-based approach. Section 3 
presents our empirical studies and section 4 gives the conclusion 
and future directions. 

2. APPROACH 
In this section, we describe four components of our visual phrase-
based image retrieval approach, including construction of visual 
words, construction of visual phrases, construction of visual 
phrase index and image similarity measure based on visual 
phrases.   

2.1 Visual Word Construction 
Our approach uses SIFT [6] algorithm to extract and describe 
salient local patches in each image (see Figure 3 for examples). 
Each local patch is represented by a 128-dimenstional feature 
vector. Different local patches are vector quantized into visual 
words using a clustering algorithm. In our current work, we use 
K-Means clustering and K is set to be 1000. Clustering different 
local image patches can find its counterpart in text retrieval, 
where each word are transformed using case folding and 
stemming techniques before being indexed, for the reason of 
effective and efficient retrieval [10].  For example, different 
words bid, bade, Bids, Bidden, are turned into a canonical word 
bid. After visual word clustering, each local image patch is 
represented as: ( , , , )i i i i iLP x y r l= , where x and y denote the 
coordinate of patch center, r denotes the radius of local patch and 
l denotes the label of cluster that the patch has bean clustered into, 
i.e., 0 999l≤ ≤  

  
(a) (b) 

Figure 3. Two example images after local patch extraction by 
SIFT [6]. The red circles denote the extracted local patches. 

2.2 Visual Phrase Construction 
A naïve approach to construct visual phrase is to consider every 
pair of local patches as a visual phrase. However, this is not 
optimal. Since we have K different visual words, we thus can at 
most have ( 1) / 2K K +  distinct visual phrases. We cope with this 
problem by considering only the frequent adjacent patches pair. 

Definition 1: Two local patches iLP and jLP are called an 
adjacent patch pair if and only if they satisfy the constrain: 

2 2( ) ( )i j i j i jx x y y r r− + − ≤ + . 
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Definition 2: The patch pair ij i jp LPLP= is frequent if and only if 
the number of images containing this patch pair exceeds a certain 
threshold, i.e., { |  contains }I I p θ>  .  

We avoid enumerating all candidate patch pairs by using Apriori 
rule [1]: A visual phrase is frequent only when its constituent 
visual words are frequent. The visual phrases construction 
algorithm is shown in Figure 4 and described as follows: Firstly, 
we count the occurrences of each visual word to determine the 
frequent visual words (line 1, 2, 3, 4). Secondly, we count the 
occurrences of adjacent patch pairs formed by frequent visual 
word (line 5, 6, 7, 8). Finally, we get the visual phrases by 
selecting the adjacent patch pairs whose occurrences are more 
than the threshold (line 9). 

Figure 4. Algorithm for visual phrases construction. 

2.3 Phrase representation and Indexing 
Once visual phrases have constructed, we need a representation 
scheme to describe and store each visual phrase for the purpose of 
indexing and retrieval. Our approach is simple but effective. Each 
visual phrase ,( )ij i j i jp LPLP l l= ≤ is represented as a string of six 
characters by concatenating of string representation of their labels. 
For example, ,( 20, 150)ij i j i jp LPLP l l= = = is represented as 
020150. By doing so, we translate image indexing into text 
indexing and therefore inverted index technique [10] particularly 
developed for text indexing and retrieval can be applied. In our 
approach, inverted index consists of two components: one 
includes indexed visual phrases and the other includes vectors that 
contain the information about the occurrences of the phrases. The 
inverted index takes the form of: 

,, 1, , ( , , )
i pi p fp i f bo bo→< >L  

where i is the identifier of an image containing visual phrase p , 

,i pf is the number of p in image iI , kbo is the position of the 

bounding box of p in the image iI . 

2.4 Visual Phrase-based Image Similarity  
The visual phrase-based similarity between two images is 
calculated using cosine measure and TF IDF× rule [10] based on 
the list of matching visual phrases between two images: 

, ,
1( , ) (1 log )(1 log )log (1 )

i j

p i j e i p e j p e
p I Ii j p

NSim I I f f
WW f∈ ∩

= + + +∑  

Here, N is number of images in the dataset and pf is the number 

of images that contain visual phrase p . iW ( jW ) is the weight of 

iI ( jI ) and is defined as: 2
,

1

(1 log )
n

i e i p
p

W f
=

= +∑ . 

3. EXPERIMENT 
We now describe the experimental performance of our visual 
phrase-based image retrieval approach. The image dataset used in 
our experiments includes 8707 images from Caltech101 Dataset1, 
which includes objects belonging to 101 classes. The number of 
images in each class ranges from about 40 to about 800 and most 
classes have about 50 images. We random samples ten images 
from each of these classes and uses them as query images. The 
performances of all ten retrieval results are averaged to indicate 
the retrieval performance of their belonging class. Ideally, in 
object-based image retrieval, we should formulate the desired 
objects by carefully demarcating these objects in the images. 
However, we observe that most of these images are in clean 
background and we thus use whole images as query for simplicity 
reason. All of our experiments are done on a 1GHz Intel Pentium 
III machine with 256MB memory running Microsoft Windows 
XP. The algorithms are implemented in Java. 

3.1 Efficiency 
To measure the efficiency of our approach, we calculate the time 
used to retrieve the top 20 relevant images to each query image. 
This time includes the time used to search in the inverted index, 
the time to read the candidate images from disk and the time to 
rank these images. The average retrieval times for 101 classes 
range from less than 10 milliseconds to about 180 milliseconds, 
depending on the number of visual phrases in the query images 
and the number of retrieved candidate images need to be ranked. 
Generally speaking, it averagely takes about 40 milliseconds for 
each class to get the retrieval results. We note this is highly 
efficient given the fact that our dataset contains 8707 images. 

3.2 Effectiveness 
To evaluate our visual patch-based approach’s effectiveness, we 
compare it with Sivic’s visual word-based approach [7]. In order 
for fair comparisons, we implement local image patch extraction 
and representation methods in Sivic’s approach using SIFT [6], 
the same as we use in our approach. The effectiveness of each 
approach is judged by a score, which is defined as follows: 

20

1 20
1

( , , ) i i
i

Score I I w X
=

= ∑L  

                                                                 
1  Available at http://www.vision.caltech.edu/image_datasets/ 

caltech101/ caltech101.html 

Input: Image database D, threshold θ  

Output: Visual phrases set P. 

1.   Count[0..K]=0; 

2.   For  each image Ii=<LP1,┅ ,LPN>∈ D 

3.       For each local patch LPi∈ Ii 

4.     Count[LPi.l]++; 

5.   For  each image Ii=<LP1,┅ ,LPN>∈ D 

6.        For each patch pair LPiLPj, LPi∈ Ii, LPj∈ Ii 

7.             If (Count[LPi.l]>θ && Count[LPj.l]>θ && 
                     LPi and LPj are adjacent) 
8
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Figure 5. Comparison of image retrieval effectiveness between 
visual phrase-based and visual word-based algorithms. 

 

   

    
Figure 6. Example images from ten object classes whose visual 
word- based retrieval’s scores are better than those of visual 
phrase-based retrieval. 

where ,1 20iI i≤ ≤ is top thi retrieved image to a query image,  

2.0      1 i 5
1.5    6 i 10
1.0   11 i 15
0.5  16 i 20

iw

≤ ≤⎧
⎪ ≤ ≤⎪= ⎨ ≤ ≤⎪
⎪ ≤ ≤⎩

  and i

i

1,     I  contains query object   
0,  I  contains no query objectiX
⎧

= ⎨
⎩

 

The basic idea of score is to examine the top 20 retrieved images 
to each query and give more preference to images ranked topper. 
The average retrieval performances of 101 classes of two 
approaches are plotted in Figure 5. Visual phrase-based approach 
generally outperforms visual word-based approach. The average 
score on all 101 classes is 7.27 for visual phrase-based approach, 
20% better than that of visual word-based approach, which is 6.07. 
We attribute this superiority to the fact that visual word contains 
only local information, while visual phrase contains additional 
local context information. However, there are 10 classes whose 
visual word-based approach’s scores are better than those of our 
approach. Figure 6 gives example images of these 10 classes. 
After close examinations, we found images in five classes shown 
in the top row of Figure 6 are not texture rich and only a few local 
patches can be extracted by SIFT algorithm. Consequently, no 
enough visual patches can be constructed in these images to 
represent the query object. On the other hand, query objects in 

other five classes are in cluttered backgrounds. Remember that 
when we retrieved images, we didn’t carefully demarcate the 
query objects but use whole images. Hence, visual phrases from 
the backgrounds distract the importance of visual phrases from 
the true query objects. We believe the retrieval performance of 
these five classes can be significantly improved when query 
objects are carefully selected by users. 

4. CONCLUSION 
In this paper, we review the current object-based image retrieval 
from a perspective analogous to text retrieval and describe an 
example that motivates us to retrieval objects by visual phrases. 
We present algorithms how to construct the visual phrase in the 
image and how to index these phrases. We also present how to 
measure image similarity based on visual phrases. Our 
experimental studies demonstrate that the proposed approach can 
retrieve images very efficiently and effectively. It outperforms the 
existing visual word-based approach. In our future work, we will 
investigate how to measure image similarity by integrating visual 
word-based and visual phrase-based representations, since 
similarity measure currently used is solely phrase-based. 
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