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Abstract– This paper proposes a new bag-of-visual phrase (BoP) 

approach for mobile landmark recognition based on 

discriminative learning of category-dependent visual phrases. 

Many previous landmark recognition works adopt a bag-of-

words (BoW) method which ignores the co-occurrence 

relationship between neighboring visual words in an image. 

Although some works that focus on visual phrase learning have 

appeared, they mainly construct a generalized phrase dictionary 

from all categories for recognition, which lacks descriptive 

capability for a specific category. Another shortcoming of these 

works is the hard assignment of numerous feature sets to a 

limited number of phrases, which causes some useful feature sets 

to be discarded, and yields information loss. In view of this, this 

paper presents a discriminative soft BoP approach for mobile 

landmark recognition. The candidate phrases defined as adjacent 

pairwise codewords are first generated for each category. The 

important candidates are then selected through a proposed 

discriminative visual phrase (DVP) selection approach to form 

the BoP dictionary. Finally, a soft encoding method is developed 

to quantize each image into a BoP histogram. The context 

information such as location and direction captured by mobile 

devices is also integrated with the proposed BoP-based content 

analysis for landmark recognition. Experimental results on two 

datasets show that the proposed method is effective in mobile 

landmark recognition.  

 

Index Terms– Soft BoP, location and direction, mobile landmark 

recognition 

 

I. Introduction 

With the rapid developments and increased use of cellular 

phones and networks in recent years [1], mobile developers 

have designed various applications that take advantage of the 

interactive features offered by the underlying phone hardware. 

Mobile landmark recognition is such an application, which 

allows users to capture a picture of a landmark using phone 

cameras and determine its related information. Mobile devices 

differ from the desktop environments in several aspects, such 

as the availability of context information (e.g., the location 

and direction) in mobile devices, and limited processing power 

and battery life of mobile devices. Even though mobile 

devices can use GPS for localization, the accuracy of using 

GPS alone to perform landmark recognition is still lacking in 

some cases [27]. The reasons are (i) GPS has significant errors 

in the dense built-up areas, ranging from tens of meters to 

even more than hundred meters, in some extreme cases. (ii) 

GPS only provides rough approximation of mobile user’s 

position. In contrast, there may be multiple landmarks near the 

user’s position. In such cases, it is difficult to determine which 

landmark is the user capturing without content analysis 

techniques. This provides the motivation for research on 

mobile landmark recognition. 

The bags-of-words (BoW) method is widely used in 

various landmark/place recognition systems and has shown 

good performance, which can be seen in [1]-[9]. The BoW 

approach first constructs a codebook by clustering local 

features of training images into different clusters with the 

centroids as the codewords. Then the local features extracted 

from a test image are mapped to the codebook to generate a 

BoW histogram for classification. However, one shortcoming 

of BoW is that it assumes the local features in an image are 

independent of each other. As a result, the generated words are 

also independent and the co-occurrence relationship in their 

local spatial neighborhood is ignored.  

Considering this, some works that learn a set of visual 

phrases for image representation have appeared in [10]-[16]. 

The “visual phrase” is defined as a set of frequently co-

occurring visual words within a neighborhood image region. A 

simple method to discover visual phrase containing 2 member 

words is proposed in [10], where the appearance number of 

each word is first counted to determine the frequent words, 

and the adjacent word pairs formed by frequent words are then 

counted to determine the visual phrases. Some methods that 

mine phrases containing 2, 3, and 4 words are proposed in [11] 

and [13]. Both of them first use the K-nearest neighbor (KNN) 

method to shortlist some phrase candidates, and then adopt 

frequent itemset mining (FIM) [21] to discover important 

phrases. A visual phrase significance metric is proposed in 

[11], followed by pattern summarization to cluster the phrases 

that represent the same object to reduce the intraclass variation. 

A method to extract phrases from the support regions is 

proposed in [13]. An information bottleneck principle is then 

used to cluster those phrases into a “visual synset”. Instead of 

using the KNN method, the work [12] extracts the phrase 

candidates within each segmented region. After that, FIM is 

used to mine the important phrases. The segmentation-based 

method is not widely used as it is time-consuming and does 

not work well when the images contain complex and 

ambiguous objects that are hard to segment.  

An observation from the works above is that the phrases 

are extracted in a local neighborhood, followed by learning the 

semantic similarity for refinement. Alternatively, the works 

[14]-[15] do not constrain the extracted phrases in a spatial 

neighborhood. They consider extracting the phrases that are 

composed of semantically similar words and spatially 

neighboring words separately. In [14], visual words that 

represent the same semantic object or are spatially 

neighboring in an image are grouped into phrases respectively. 

A contextual BoW histogram is then generated by mapping 

the image feature sets to the generated phrases. A graph 

mining technique is used in [15] to mine the semantically 

similar words which often co-occur together in an image.  



In summary, the above visual phrase models are learned 

from various object categories and their objective is to 

maximize the generalization ability of the phrase dictionary 

across different categories, which obtain good performance for 

image recognition. However, one shortcoming of these works 

is that their phrase dictionary lacks descriptive capability for a 

specific object class and thus cannot distinguish images from 

different categories well. Although some efforts have been 

made to learn the descriptive visual phrases for each category 

such as [16], they are far from sufficient since they only 

consider the frequency information to select the discriminative 

phrases, which ignores three factors: (1) the negative impact 

of the unimportant phrase candidates in the background areas, 

(2) the pairwise word semantic similarity in a phrase, which 

refers to the similarity of two words in representing the same 

semantic object, and (3) the pairwise phrase semantic 

similarity (relevance), which refers to the similarity of two 

visually different phrases in representing the same semantic 

object. Further, they all use the traditional hard quantization 

method to generate the visual phrase histogram. The hard 

assignment to visual phrases causes some useful feature sets to 

be discarded and generates a sparse histogram, since some 

phrases may not find sufficient matches within the feature sets. 

In view of this, this paper proposes a new bag-of-visual 

phrase (BoP) approach for mobile landmark recognition based 

on category-dependent discriminative phrase selection. In this 

work, the number of visual words in each phrase is chosen as 

two, which is named as second-order phrase. Two 

contributions are made in the proposed approach: (i) a 

discriminative selection approach that takes advantage of the 

word-level and phrase-level semantic similarity is proposed to 

select the important phrases from a large number of candidates, 

and form the descriptive BoP dictionary, (ii) a soft encoding 

technique is developed to generate a BoP histogram for each 

image, which reduces the amount of information loss induced 

by conventional BoP quantization, (iii) a content-context 

integration approach that employs GPS and direction 

information captured by mobile devices for BoP dictionary 

selection and image matching is proposed, which speeds up 

the recognition time and increases the recognition accuracy. It 

is noted that the first contribution (discriminative phrase 

selection) above has been given in our prior work [34]. In 

contrast, in this paper, we have developed the soft bag-of-

phrase (BoP) encoding and the content-context integration, on 

top of the phrase selection method. 

The rest of this paper is organized as follows. The 

overview of the proposed discriminative BoP framework is 

given in Section II. The detailed techniques, including visual 

phrase candidate generation, discriminative phrase selection, 

and soft BoP encoding are discussed in Section III. The 

integration of content (BoP-based method) and context (GPS 

and direction information captured by mobile devices) 

analysis for mobile landmark recognition is discussed in 

Section IV. Experiment results and discussions are given in 

Section V. Section VI concludes the paper with a summary of 

our findings. 

 

II. Overview of the Proposed BoP Framework 

The overview of the proposed BoP method is shown in Fig. 1. 

It consists of three steps: visual phrase candidate generation, 

discriminative phrase selection and soft BoP histogram 

generation. In the first step, visual features (e.g., SIFT [18]) 

are first extracted from the images and clustered to generate a 

word codebook. For each detected keypoint (Harris corner 

detectors [19]), its K nearest neighbors [29] are determined in 

a local neighborhood. The center keypoint and each of its K 

neighbors (K is set as 3 in this work) form a second-order 

feature set, whose member features are then mapped to the 

codewords to create a second-order phrase. The randomly 

generated noisy phrases are removed through a statistical 

hypothesis testing in [11], which compares the likelihood ratio 

of the phrase generated by a particular hidden pattern versus 

random pattern to yield a set of preliminary phrase candidates. 

In the second step, a discriminative phrase selection 

approach is proposed to create the BoP dictionary. The 

method proposes a latent-space discriminative divergence 

metric to calculate the pairwise words distance. The distance 

(divergence) between pairwise words refers to the similarity of 

the two words in representing the same semantic category 

(object). Larger distance between two words indicates that 

they share less similarity in representing the same object. This 

word-level divergence metric is then extended to phrase-level 

metric. Finally, a PhraseRank technique that employs the 

word-level and phrase-level semantic metric is developed to 

select the important phrases to form the BoP dictionary.  

In the third step, a soft BoP histogram is generated to 

represent each image using the proposed encoding method. It 

models the soft assignment of feature sets to visual phrases, 

which reduces the information loss in conventional 

quantization. The soft BoP histograms are used to train a 

support vector machine (SVM) classifier. Finally, the GPS and 

direction information are used for context analysis, and further 

integrated with the proposed BoP-based content analysis to 

perform mobile landmark recognition.   
 

 
Fig.1 Overview of the proposed BoP framework 

 

III. Discriminative Visual Phrase Selection 

In this section, we give a detailed description on the proposed 

discriminative visual phrases selection for each landmark 

category. As illustrated in Fig. 2(a), a spatial circle 

neighborhood is first determined around each detected 

keypoint in the training image. The radius of the neighborhood 

is chosen to be four times the scale of the center keypoint, 

which is the same as in [16], to achieve a good trade-off 

between computational efficiency and recognition 

performance. Secondly, the center and its neighboring 

keypoints determined by KNN in the neighborhood form a 



second-order feature set g  as shown in Fig. 2(b). The 

neighboring feature keypoints are determined based on their 

distance to the center keypoint in a local neighborhood in an 

image. These feature sets are then mapped to the word 

codebook  1,  ...,  Mw w  where M is the codebook size, to 

create the second-order phrase candidates as shown in Fig. 

2(c). The repeated candidates such as 4 6( , )w w and 

6 4( , ) w w due to different permutation are merged into one 

phrase as in Fig. 2(d). The method in [11] is used to solve the 

problem of over-counting frequent feature sets. The 

neighborhood is used to constrain the words in each phrase 

candidate so that they are spatially close to each other. After 

that, a certain number of visual phrase candidates for each 

category are generated. 

 

 

Fig. 2 (a) Training image, (b) Second-order feature set, (c) 

phrase after feature mapping, (d) phrase after duplicate 

removal 

 

3.1 Discriminative visual phrase selection  

There are two reasons to perform discriminative phrase 

selection. One is that the number of the phrase candidates 

from all categories is large. For instance, there exist 
2300  

possible duplet phrases for a 300-sized BoW codebook. This 

poses a heavy load to mobile-based recognition which has 

limited processing power and fast response-time requirement. 

Another is that some unimportant phrases such as the 

background phrases can have negative impact on recognition, 

and thus should be removed. Considering this, a 

discriminative visual phrase (DVP) selection approach is 

proposed to retain the phrases that are discriminative in 

distinguishing its category from other categories, and to 

remove those that are common across all categories.  

Conventional methods, such as [16], evaluate the 

discriminative capability of a phrase based on its occurrence 

frequency in different categories. However, this is insufficient 

for landmark recognition applications. For instance, when 

some background phrases have large occurrence frequencies, 

they have high chances to be selected as DVP. On the other 

hand, when some foreground phrases have low occurrence 

frequency, they are likely to be removed. Take Fig. 3 as an 

example, it is seen that the background phrase (e, f ) occurs 3 

times in the images of the landmark, while the foreground 

phrases (x, y), (m, n) and (c, d) that represent the same 

landmark area each occur only once, due to the changes of 

scales and perspectives. Therefore the phrase (e, f) may be 

falsely selected as DVP, while (x, y), (m, n) and (c, d) may be 

incorrectly removed from the DVP candidates. 

 

 
Fig. 3 Visual phrases detected in the foregrounds and 

backgrounds areas for the same landmark category under 

different capturing conditions 

  

In order to resolve this problem, a new evaluation 

criterion is proposed to measure the semantic similarity (or 

conversely distance) between pairwise phrases, which can 

enhance the importance of the foreground phrases with low 

occurrence frequencies. The semantic similarity is defined as 

the similarity degree between two different phrases in 

representing the same object, where larger similarity value 

indicates that the two phrases are more likely to represent the 

same object, and vice versa. Using this criterion, the 

foreground phrases (x, y), (m, n) and (c, d) that represent the 

same object in Fig. 3 will be emphasized since they have large 

pairwise semantic similarity value.  

In the following sections, we first propose a word-level 

semantic metric by developing discriminative symmetric 

Kullback-Leibler (KL) divergence based on Probabilistic 

Latent Semantic Analysis (PLSA). This word-level metric is 

then extended to phrase-level metric, after which a visual 

phrase ranking algorithm that employs the word-level and 

phrase-level semantic metric is developed to select the DVPs 

for each category. These DVPs are then combined together to 

form the final BoP dictionary. 

 

A. Semantic distance metric between pairwise visual words 

Conventional methods mainly measure the semantic distance 

between pairwise words based on information gain criterion 

[22]. Specifically, the KL divergence [23] between 

distributions of categories induced by words is widely adopted 

for its effectiveness. The category distribution conditioned on 

the words can be interpreted as how much the word votes for 

each of the categories whenever it occurs. The work [14] 

utilizes such distribution and further improves the KL 

divergence to be symmetric. However, one condition for this 

method to work well is that the images from different 

landmark categories should not contain similar semantic 

concepts, which in fact is hard to guarantee. This is illustrated 

in Fig. 4. Fig. 4(a) illustrates some sample images from 

different landmark categories that are composed of various 

buildings. Fig. 4(b) illustrates the category distributions 

induced by three different words based on the experiments, 

where the horizontal axis denotes the landmark category, and 

the vertical axis denotes the occurrence probability of each 

word across all the categories. As observed from the 

experiments, the local features clustered to the word 1 are 

mainly from the window area, and thus word 1 is claimed to 

be related with the semantic concept “window”. Similarly, 

word 2 and 3 are found to be related with the concept 

“greenery” and “ground”, respectively. 

 

( , )c d
( , )x y

( )e, f

( , )m n

e, f( )
( )e, f
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                            (b)                                            (c) 

Fig. 4 (a) Sample images from 6 landmark categories, (b) 

Similar category distributions induced by words 1, 2 and 3, (c) 

different latent topic distributions induced by words 1, 2 and 3. 

 

From Fig. 4(b), it is seen that the occurrence probabilities 

of the words 1, 2 and 3 in the six categories are similar. In 

such case, these three words in the original domain are 

difficult to be distinguished, since they have no obvious 

distribution differences across various categories. This can be 

attributed to the fact that the images of the six categories 

contain similar semantic concepts: “window”, “ground” and 

“greenery”. 

To overcome the above-mentioned problem, we propose 

to model a latent topic distribution induced by the word for 

pairwise word KL divergence measurement. The distribution 

( | )P z w can be interpreted as how much the word w votes for 

each of the latent topics z. The core intuition behind this 

measurement is that visual words that represent the same 

semantic object have more similar distributions over the latent 

topics rather than over the categories. The reason is that the 

latent topic is often closely related with a specific semantic 

concept (e.g., the “window” concept in Fig. 4) while a 

category may contain multiple semantic concepts (e.g., each 

image in Fig. 4(a) contains concepts “window”, “greenness” 

and “ground”). In this work, we use PLSA to infer the latent 

topics. PLSA is a statistical technique for the analysis of co-

occurrence data, which has applications in information 

retrieval and machine learning [24]. It is based on a mixture 

decomposition derived from a latent class model. The latent 

class serves as a bridge between the images and the words. For 

initialization, we randomly select 20% of the training images 

from each category to form the dataset D, and represent each 

image by a BoW histogram. The following notations are 

defined for later use: ( )P d denotes the probability of 

observing a particular image d in the dataset, ( | )P w z denotes 

the conditional probability of a specific word w given the 

unobserved latent topic z , and ( | )P z d denotes an image 

specific probability distribution over the latent variable space. 

Based on these definitions, the PLSA model can be generated 

using three steps: (i) Choose an image d with probability 

( ),P d (ii) pick a latent topic z with probability ( | ),P z d and 

(iii) generate a word w with probability ( | ).P w z  By 

processing all images in this way, we obtain a co-occurrence 

matrix ( , ).n w d  The joint distribution of ( , )w d can then be 

formulated as:  

( , ) ( ) ( | )

            ( ) ( | ) ( | )

            ( | ) ( ) ( | )

z Z

z Z

P w d P d P w d

P d P w z P z d

P w z P z P d z















  (1) 

where Z is all the topics in latent semantic space. Following 

the likelihood principle, the parameters ( ),P z ( | )P w z and 

( | )P d z can be determined by maximizing the following log-

likelihood function: 

W

log ( , ) ( , ) log ( , )

. . ( ) 1,  ( | ) 1,  ( | ) 1

d D w

z Z w W d D

L P D W n w d P w d

s t P z P w z P d z

 

  

 

  



  
  (2)  

The model is fitted using the Expectation Maximization (EM) 

algorithm, as described in [25]. After obtaining ( ),P z

( | )P w z and ( | ),P d z
 
Bayesian estimation is first utilized to 

infer the latent topic distribution induced by individual word 

( | )P z w  and the word occurrence probability ( )P w  as 

follows, 

( ) ( | ) ( )

z Z

P w P w z P z



     (3) 
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Fig. 4(c) illustrates the generated latent topic distributions 

induced by three words based on (4), which shows that the 

latent topic distributions for 3 semantically different words 

have obvious differences, and can be easily distinguished. 

Secondly, the discriminative capability of the inferred 

latent topics z is estimated and further incorporated into the 

developed KL divergence metric. For the topics that are 

closely related with the landmark area in an image, they are 

more representative for the landmark image and should be 

emphasized, and vice versa. Here we use the conditional 

entropy H of training image set D given the latent topic to 

determine the discriminative capability of each topic. This can 

be formulated as,   

1
( | ) ( ) ( | ) log( )

( | )

                     = ( ) ( | ) log( ( | ))

                    ( ,  ) log( ( | ))

d D

d D

d D

H D z Z P z P d z
P d z

P z P d z P d z

P d z P d z







 



 







       (5) 

From (5) it is seen that the conditional entropy H qualifies the 

remaining uncertainty of D given a latent topic z. In other 

words, larger H means that z cannot give a predictable result 

for D and thus has less discriminative capability. Based on this, 

a Gaussian function is used to normalize the value of 



( | )H D z  within [0, 1] to produce the discrimination weight 

( )z as follows, 

21
( | )

2
1

( )
2

H D z

z e
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The weight ( )z  reflects the discriminative capability of the 

latent topic z. After obtaining ( )z and the latent topic 

distribution ( | )P z w conditioned on a word, a discriminative 

KL divergence metric is developed to calculate the distance 

between two latent topic distributions ( | ),  ( | )i jP z w P z w . 

This distance measures the semantic similarity between two 

words ,i jw w  in latent space, and is defined as,  

 ( , ) ( | ) || ( | )

( | )
              ( ) ( | ) log

( | )

i j i j

i
i

jz Z

d w w KL P z w P z w

P z w
z P z w

P z w







             (7) 

where ( , )i jd w w  is the calculated semantic distance between 

two words. From (7) it is seen that the developed KL 

divergence ( || )KL    considers the discriminative capability of 

each latent topic ( )z , and uses the weighted summation of 

all the latent topics as the word-level distance. However, an 

issue of this metric is that it is asymmetric. To ensure that it is 

symmetric, we further enhance it by considering the KL 

divergence of  ( | )jP z w  with respect to ( | ).iP z w By 

integrating (3)-(7), the final word-level semantic distance d in 

latent space is developed as,   
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B. Semantic similarity between pairwise visual phrases 

As demonstrated in Fig. 3, the same landmark object may be 

represented by different phrases due to different image 

capturing conditions. This causes some foreground phrases to 

have low occurrence frequency and be removed from the DVP 

candidates. To overcome this problem, a phrase-level semantic 

similarity metric is developed in this section. Using this metric, 

the less frequently occurred foreground phrases that have 

more semantic similarity with other phrases will be 

emphasized and selected as DVPs, since they are considered 

to be representative for their category.  

Based on the principle in developing the pairwise words 

semantic distance metric, we extend the proposed 

discriminative KL divergence from word-level to phrase-level 

by replacing the word w with phrase p in (8). Then the 

semantic distance between pairwise phrases ip and jp  is 

formulated as, 
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where ( || )KL    is defined the same as in (7),  ( )iP p is the 

occurrence probability of  phrase ip  over all latent topics, 

( | )iP z p  is the latent topic distribution induced by the phrase 

ip . Similar to (3)-(4), these distributions can be derived by the 

Bayesian estimation as,  

( | ) ( | ) ( | )i i

d D

P p z P p d P d z
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where ( | )iP p d  is the occurrence probability of phrase ip in 

the image d which can be easily observed. After generating 

( , ),  ( , )i j i jd w w d p p in (8) and (9), a Gaussian function 

similar to (6) is used to normalize their value to be within 0 

and 1, to give the final word-level and phrase-level semantic 

similarity scores that are denoted as ( , ),  ( , ),i j i is w w s p p

respectively,  
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C. DVP discovery using phrase ranking algorithm  

In this section, the DVP discovery can be formalized as a 

visual phrase ranking problem which leverages the idea of 

Pagerank in [16]. In PageRank, a matrix is constructed to 

record the inherent importance of different webpages and the 

relationships between them. Iterations are then performed to 

update the weight of each webpage based on this matrix. After 

several iterations, the weights will converge and the final 

significance of each webpage is obtained. Leveraging this idea, 

a phrase ranking algorithm is proposed here. The ranking 

algorithm also first constructs a matrix to record the inherent 

importance of different phrases and their pairwise 

relationships, and then iteratively estimates each phrase’s rank 

order by multiplying it with the matrix. The highly ranked 

phrases from the candidates are selected as the DVP. Different 

from Page Rank that uses the link existence to determine the 

webpage relationships, the proposed method uses the 

developed word and phrase-level metric to calculate the 

intraphrase and interphrase similarity for a phrase

,(  )i ia ibp w w : (i) the intraphrase semantic similarity, which 

refers to the pairwise words semantic similarity ( , )ia ibs w w  in 

a phrase. Larger ( , )ia ibs w w  means that the two words in the 

phrase have more semantic similarity, and are likely to 



represent the same semantic object. This phrase is thus 

considered to have more inherent semantic consistency. (ii) 

the interphrase semantic similarity, which refers to the 

semantic similarity ( , )i js p p between the phrase ip  and 

other phrases jp  in its category. Larger similarity between the 

phrase and other phrases means that this phrase has more 

representative capability in its category.  Based on this, a 

matrix R is built as follows,  

,( ,  ) ( ) ( )

( , ) ( ) ( , )

i ia ib

i i j

R i i p s w w

R i j p s p p





 

 
         (14) 

where ( ) ( ) ( )i i ip P p P p   is a weighting factor, and 

denotes the phrase occurrence frequency ratio between the 

positive category ( ( )iP p ) and negative categories ( ( )iP p ), 

which is similar to [16]. This is based on the fact that a phrase 

that occurs more frequently in the positive category while less 

frequently in the negative categories is usually more 

discriminative. From (14) it is seen that the diagonal element 

( ,  )R i i  records the weighted intraphrase semantic similarity, 

and the non-diagonal element ( ,  )R i j  records the weighted 

interphrase semantic similarity. Algorithm 1 summarizes the 

proposed PhraseRank algorithm. From the Algorithm, it can 

be seen that the rank-updating iterations are performed by 

multiplying the matrix with the rank vector. During each 

iteration, the phrase candidates with more inherent semantic 

consistency (reflected by ( ,  )R i i ) and more similarity with 

highly ranked phrases (reflected through ( , )R i j ) will be 

emphasized. Finally the phrases with high ranking values in 

each category are selected as DVPs. 

 
Algorithm 1  Visual phrase ranking algorithm 

Input: matrix R for each category, maximum iteration number max .l  

Initialize: the rank order for the candidate phrases in each category as 

equal: 1.oldrank   

    While iteration number  loop  < maxl  

             Multiply R with previous rank vector to obtain new rank: 

new oldrank R rank 
 

             
 || ||   new oldif rank rank   , where || || is the norm-2 distance

 
                              loop ++,

 

                             old newrank rank  

              end 

      End  
Output: the phrases with high ranking values in rank as the DVPs.   

 

3.2 Soft BoP histogram generation 

After generating the DVPs for each category, we combine 

them together to form the BoP dictionary to encode detected 

local feature sets in each image. Current BoP quantization 

methods [11]-[16], [36] describe an image as a bag of discrete 

phrases selected from the BoP dictionary, where the frequency 

distribution of phrases in an image allows classification. One 

limitation of this hard quantization model is that some phrases 

in the BoP dictionary at times are not able to find exact 

matches with the feature sets in the image. As a result, these 

phrases render the generated BoP histogram sparse, and at the 

same time, the feature sets that cannot be mapped to the 

dictionary have to be discarded, which causes information loss. 

In order to overcome this problem, we propose a soft BoP 

encoding method. The principle is detailed as:  

First for each element of second-order feature set 

1 2( , ),g f f
 
two soft values 

1 2( ) and ( ),c j c j  j = 1,…, M, 

for M codewords are generated using the soft assignment as 

follows,  

1

1
exp( || , ||)

2( ) ,  1,  2  1,...,
1

exp( || , ||)
2

j i

i M

j i

j

w f

c j i = ; j = M

w f








  (15) 

where || , ||j iw f is the norm-2 distance between word jw and 

feature if , ( )ic j  corresponds to the soft assignment value of 

,i jf w and the exponential function is used to smooth the 

data.  

Then for each phrase ( , )m np w w in the BoP dictionary, 

a value ( )h p  which denotes the occurrence number of phrase 

p in the image is generated by soft assignment of 

1 2( , ) to ( , )m nf f w w , 

1

2

1 2
 

( ) = min { ( ),  ( )},  where ( , )
m

n

m n
f w
f w

h p c m c n p = w w



  (16) 

where 1 2( ),  ( )c m c n  has been calculated by (15). From (16) it 

is seen that the smaller value of 1( )c m  and 2 ( )c n  is chosen to 

calculate ( )h p . The reason to choose the smaller value is that 

it can be understood as the co-occurrence number of the two 

words in the image. However, an issue of (16) is that it only 

considers the match order of 1 2,  ,m nf w f w   and ignores 

the match order of 1 2,  .n mf w f w   In view of this, we 

further enhance it by considering both match orders, and select 

the order that produces larger value to calculate ( ),h p   

( )  = max  ( ),  r
r

h p h p r = 1, 2;       (17) 

where r is the match order, r = 1 corresponds to 

1 2, ,m nf w f w   r = 2 corresponds to 1 ,nf w  

2 ,mf w  The larger value indicates that the feature set g 

finds a better match with the phrase p.     

Finally, all the detected local feature sets in the image are 

mapped to the BoP dictionary using the proposed soft 

encoding method and a BoP histogram h is generated.  

As an observation, BoW can be regarded as reflecting the 

coarse spatial distribution of a single word in the image, and 

BoP can be regarded as reflecting the fine spatial distribution 

of two co-occurring words in the image. In order to exploit the 

respective advantages of BoW and BoP, we combine the BoW 

and BoP histograms together for recognition. The pyramid 

matching method in [7] is adopted. The 2 function is used as 

the matching kernel due to its good performance for histogram 

matching. The Chi-Square kernel first calculates the 

normalized square value of the difference between two 

histograms at each codeword, and then accumulates these 

square values across all the codewords as the final distance 



between two histograms. The new pyramid matching kernel K 

for the two images X and Y is defined as: 

( , ) ( , ) (1 ) ( , )BoW BoPK X Y K X Y K X Y         (18) 

where BoWK  and BoPK  are the chi-square kernel distance 

calculated for BoW and BoP histograms respectively,  is 

used to balance the contributions of  and BoW BoPK K , and is 

set as 0.25 by cross validation. The chi-square kernel is well-

known and can be found in different references such as [27]. 

 

IV. Integration of Content and Context Analysis for Mobile 

Landmark Recognition 

As discussed earlier, an important feature of mobile landmark 

recognition is that mobile devices can provide context 

information such as location and direction to mobile users for 

localization purpose. Nowadays, more and more mobile 

devices have Gyro or digital compass, such as the Google 

Android phones and iPhone. Considering this, in this section 

we propose to integrate the context and content analysis to 

perform mobile landmark recognition.  

First in the BoP histogram generation phase, since the 

location information of the captured image is provided, we do 

not need to select all the categories’ DVPs to form the BoP 

dictionary (as discussed in Section 3.2) for image encoding. 

Instead, leveraging the idea in [35] that uses prior knowledge 

to select reduced vocabulary for image encoding, we only 

choose the DVPs of the landmark categories that are located 

within a radius of 200 meters from the mobile user, to encode 

the captured image. The reason is that mobile users usually 

will not capture a landmark that is very far away from him, 

such as beyond 200 meters according to our investigation. In 

this case, we do not need to consider those landmarks that are 

too far away, and only choose the DVPs of nearby landmarks 

as the BoP dictionary for image encoding. Through this, the 

size of the BoP dictionary becomes smaller, and the image 

representation is more compact. This can reduce the 

computational cost and save the recognition time for mobile 

users.  

 
Fig. 5 Illustration of viewcone obtained through location and 

direction analysis 

 

Secondly in the image matching phase, the context 

analysis first employs a fusion of location and direction 

information to obtain a viewcone. As demonstrated in Fig.5, 

the viewcone is the field of view of the camera phones 

(typically around ± 30 degrees), with a radius of 200 meters 

from the mobile user (the position is offset by moving 50m in 
the opposite direction of digital compass to take into account 

of potential GPS errors). Landmarks (e.g., the landmark 1, 2 

and 3 as in Fig.5) that fall within the viewcone are shortlisted 

as the candidates. Then, the content analysis uses the BoP-

based method as explained before to match the query image 

with the shortlisted candidates. This integration method will 

therefore improve the recognition rate of the landmark while 

reducing the computational time.  

 

V. Experimental Evaluation 

Considering the limited processing power and battery life of 

mobile devices, client-server architecture is adopted in this 

work. In our experiments, HTC Dream G1 is used as the 

mobile client. A high performance computer is used as the 

backend sever. It has the following configurations: Intel Core 

(TM) 2, Quad Processor (2.25GHz), 4G RAM, and Matlab 

R2008a for algorithm implementation. The client captures an 

image, and sends it to the server. The server then analyzes the 

image, including performing content and context analysis, and 

sends the related information to the client. Through this, the 

high computation load of the image analysis can be transferred 

from the client to the server end. It is noted that the current 

implementation is mainly based on Matlab, which can be 

treated as a preliminary prototype to explore the possibility of 

the proposed method for mobile landmark recognition.    

 

5.1 Experiment setup 

In this experiment, we have created a landmark database 

consisting of 3622 training images and 534 testing images 

using 50 categories of landmarks from the campus in Nanyang 

Technological University (NTU). The definition of a landmark 

is taken as a building, structure or place-of-interest that is 

unique or distinctive. The landmark images can contain the 

entire or just a portion of the landmark. Fig. 6 shows some 

sample images and the geographical distribution of the 50 

landmarks.  

 
Fig. 6 Sample images (left column) and their geographical 

distribution (right column) of the 50 landmark categories 

 

From the figure, it can be seen that the landmarks spread 

across the whole campus of NTU, with certain areas having a 

higher concentration of landmarks. They cover an area of 

more than 2 2km .  For each category, there are on average 70 

images for training, and 10 images for testing. The images are 

captured using camera phones (e.g. HTC Dream G1) with 

different built-in camera settings, under different capturing 

conditions. All the images are tagged with both location and 

direction information. The number of latent topics in the 



PLSA is equal to the number of landmark categories in the 

dataset. The performance is evaluated in terms of recognition 

accuracy and time, where the recognition accuracy is defined 

as the ratio of number of correctly classified landmarks to the 

total number of testing landmarks, and the recognition time 

refers to the image matching time including content, context 

and their integration that occur on the server end. All images 

are resized to 320×240 or 240×320 pixels to achieve an 

acceptable trade-off between computational complexity and 

recognition performance. 

 

5.2 Performance evaluation on the NTU50Landmark database 

A. Comparison of BoW, BoP and their combination 

We investigate the performance of BoW, proposed BoP and 

their combination for recognition experiments. Similar to [18], 

SIFT features are extracted from each image to construct the 

visual codebook. The sizes of the BoW codebook and BoP 

dictionary vary from hundreds to thousands. The results are 

shown in Table 1, from which it is seen that the performance 

of BoW and BoP combination for landmark recognition is 

better than either BoW or BoP alone for all codebook sizes. 

Specifically, a highest recognition rate of 95.3% is obtained 

when using the combination of 1200-sized BoW codebook and 

1800-sized BoP dictionary. This is due to that BoW and BoP 

can complement each other by describing not only the image’s 

single word spatial distribution but also pairwise words co-

occurrence distribution. Further, it is seen that the performance 

of BoW, BoP and their combination consistently start to 

decrease very gradually when the codebook/dictionary size 

exceeds a certain limit. This is likely due to inclusion of less 

representative words/phrases.  

 
Table 1 Recognition accuracy (%) comparison of BoW, proposed 

BoP, and their combination 

Size of BoW codebook/ 

BoP dictionary 

BoW  Proposed 

BoP  

Combined 

BoW and 

BoP 

300/300 75.1 82.6 84.8 

300/600 75.1 86.3 88.8 

300/900 75.1 89.9 91.6 

800/900 82.4 89.9 91.9 

800/1200 82.4 91.6 93.1 

1200/1500 85.4 92.1 93.8 

1200/1800 85.4 93.1 95.3 

1500/2100 85.4 93.4 95.3 

1800/2400 85.0 93.5 95.3 

2100/2700 84.8 93.5 95.1 

2400/3000 84.3 93.3 94.8 

 

 Further, the computational complexity and memory 

requirement of the proposed BoP method is given here, which 

is also an important consideration for mobile landmark 

recognition. From the whole process as discussed in Section 

III and IV, it is seen that the computational complexity for the 

proposed method mainly consists of three parts: (i) the PLSA 

analysis, whose computational complexity is ( )O NV where N 

and V correspond to the number of landmark categories and 

total word-document co-occurrence, (ii) PageRank algorithm, 

whose complexity is 2( ( ) )O Diag R  where ( )Diag R  is the 

number of diagonal elements in the matrix R as illustrated in 

Algorithm 1, (iii) SVM learning, whose complexity is 2( )IO N  

where IN  is the number of training images. Correspondingly, 

the memory cost for the proposed method mainly depends on 

the size of the learned BoP dictionary and SVM classifiers, 

which can be expressed as (2 ) ( ),MD N SVMStruct   where M 

and D correspond to the BoP dictionary size and feature 

dimension respectively, and ( )SVMStruct  is the memory size 

of each trained SVM structure. The learning process above 

occurred in the offline phase, and the trained BoP dictionary 

and SVM classifiers are stored in the server end for later use. 

The average total recognition time for a query image is also 

given in Section 5.2.D and 5.2.E, which is around 7.5s based 

on Matlab implementation. 

 

B. Comparison of the proposed DVP selection with other 

methods  

In this section, we compare the proposed DVP selection 

methods as described in Section 3.1 with several other phrase 

selection methods [14]-[16] for landmark recognition. To 

achieve a fair comparison, we use the conventional hard BoP 

quantization as in [14]-[16] to generate the phrase histogram. 

The size of the phrase dictionary is set as 1800 which has been 

shown to obtain good performance as in Table 1. The 

comparison results are reported in Table 2, which show that 

the proposed DVP selection method obtains the best 

performance of 89.3% and outperforms the methods in [14]-

[16] by 2.2%, 7.7% and 3.3% respectively.   

 
Table 2 Performance comparison of various DVP selection methods 

Method Contextua

l BoW 

[14] 

Graph-

based 

method 

[15] 

Occurrence 

frequency 

method in 

[16] 

Propose

d DVP 

method 

Recognitio

n accuracy 

(%) 

87.1 81.6 86.0 89.3 

 

Further, we compare the proposed discriminative 

symmetric KL divergence metric with other commonly used 

distance metrics such as the Euclidean distance, KL 

divergence [32], symmetric KL (SKL) divergence [14] and 

Earth Mover’s Distance (EMD) [32] for landmark recognition. 

We use the proposed DVP selection method and hard BoP 

quantization for experiments. The results are shown in Table 3, 

and it is seen that the proposed discriminative symmetric KL 

divergence metric obtains the best performance among all the 

distance metrics. This can be attributed to the fact that the 

proposed metric calculates the KL divergence between 

pairwise words/phrases in the latent semantic space through 

the PLSA, while the other metrics such as [14][32] are based 

on the BoW (word-image) space. The latent space is more 

concrete in representing the semantic object than the BoW 

space.  
Table 3 Performance comparison of various distance metric methods 

Various 

distance 

metrics 

Euclid

ean  

KL 

divergenc

e 

SKL 

[14] 

EMD 

[32] 

Proposed 

metric 

Recognition 

accuracy (%) 

84.8 86.5 88.4 85.6 89.3 



Finally, the effect of ( )z  as in (7) for phrase selection is 

evaluated. The comparison experiments with and without 

considering ( )z  for discriminative phrase selection is 

conducted. The developed soft BoP encoding method is used 

to produce a BoP histogram for each image. The results are 

shown in Fig. 7. It can be seen that the recognition accuracy 

achieved with ( )z is about 1-2% higher than the accuracy 

achieved without using ( ).z      

 
Fig. 7 Performance comparison with and without using ( )z

in the proposed method 

 

C. Comparison of the proposed soft and hard BoP 

quantization methods 

The performance comparison between the proposed soft BoP 

encoding and conventional hard BoP quantization methods are 

performed under different sizes of phrase dictionary. The 

proposed DVP selection method is used for dictionary 

generation. The results are shown in Fig. 8.  

 

 
Fig. 8 Performance comparison of the proposed soft and 

conventional hard BoP quantization methods 

 

It can be seen that the proposed soft BoP encoding 

method consistently outperforms the conventional hard BoP 

method for all dictionary sizes. The rationale is that the soft 

BoP encoding method can produce less quantization errors by 

soft assignment of local feature sets to visual phrases, while 

the hard BoP quantization method causes quantization error 

between the numerous feature sets and limited number of 

phrases. Further, the performance gap between the two 

methods decreases when dictionary size increases. This is due 

to the different second-order feature sets utilization rate for the 

two methods for different BoP dictionary sizes. The feature 

utilization rate is defined as the ratio of number of matched 

second-order feature sets with the BoP dictionary to the 

number of total detected second-order feature sets in the 

image. For the hard BoP method, when the BoP dictionary size 

is increased from small value to large value, the second-order 

feature sets utilization rate will increase a lot as more feature 

sets can find a match within the BoP dictionary and are used 

for image encoding. The recognition performance will 

improve significantly as compared with the small-sized 

dictionary, due to the increase in feature sets utilization rate. 

For the soft BoP method, the feature sets utilization rate is 

100% for both small and large dictionary size. The reason is 

that all the feature sets in the image can always be assigned 

softly to items in the BoP dictionary. As a result, when the size 

of the dictionary increases, the performance improvement of 

the hard BoP method is larger when compared with the soft 

BoP method, as the feature sets utilization rate for the hard 

BoP method increases more than the soft BoP method. This is 

also the reason why the performance gap between the soft BoP 

and the hard BoP method becomes less obvious when the 

dictionary size is larger.  

 

D. Comparison of the proposed overall BoP method with 

other BoP methods 

In this section we conduct a group of experiments to compare 

the proposed overall BoP approach with the standard BoW in 

[28] and two other BoP methods in [14][16], under different 

dictionary sizes. The proposed soft BoP encoding method is 

adopted to generate the phrase histogram for all these works to 

achieve a fair comparison. The results are shown in Fig. 9. 

From the figure it is seen that the proposed BoP method 

generates the best performance for all dictionary sizes, 

followed by the two visual phrase methods [14][16] with 

inferior performance, and lastly the baseline BoW in [28]. The 

reason that the BoP methods outperform the BoW method is 

that the phrase in the BoP dictionary is composed of spatially 

neighboring words, and it has stronger descriptive capability 

for the image than each individual word. Furthermore, the 

superiority of the proposed BoP method over the other two 

visual phrase methods shows the effectiveness of the proposed 

DVP selection algorithm and soft BoP encoding technique.  

 
Fig.9 Performance comparison of the proposed BoP method 

versus other BoW and BoP methods. 

We have also compared the proposed method with the 

state-of-the-art geometric verification method: BoW 

representation with RANSAC-based geometric verification 

(implemented in Matlab) for image re-ranking, similar to [33]. 

The top returned image is used to determine which category 

the query image belongs to. The results are shown in Table 4. 

From the table, it can be seen that the proposed method 
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achieves higher recognition rate, and offers an improvement of 

10.1% over the method in [33]. The recognition time for the 

two methods is comparable.  

 
Table 4 Comparison of proposed methods versus geometric 

verification methods 

Method Recognition 

accuracy (%) 

Average 

recognition time 

(s) 

BoW representation with 

RANSAC geometric 

verification [33] 

85.2 8.1 

Proposed method 95.3 7.5 

 

E. Performance evaluation using integration of content-

context  

We conduct some experiments in this section by integrating 

the context information provided by the mobile phone with the 

proposed content analysis for landmark recognition. The 

NTU50Landmark database is selected for experiment since the 

images in this database are tagged with both GPS and 

direction information. The content-context integration 

approach as discussed in Section IV is adopted for recognition. 

Table 5 gives the experimental results. From the table it can be 

seen that methods integrating content and context analysis 

obtain better performance than method using content analysis 

alone. Fur ther it is seen that the recognition time using 

content and context integration is also much faster than using 

content analysis alone. The reason is that the analysis of the 

context information can reduce the search space of landmark 

categories from a large number to a few category candidates. 

The system then applies content analysis to classify the image 

into the correct landmark category. In addition, through the 

context analysis, the large-scale recognition problem can be 

transformed into a small-scale domain-specific recognition 

problem. It is worth noting that the proposed algorithm is 

currently implemented mainly in Matlab. The total recognition 

time can be further reduced if it is implemented in compiling 

language such as C/JAVA with code optimization. 

 
Table 5 Experimental results of content-context integration 

Method Recognition 

rate (%) 

Recognition 

time (s) 

Proposed content analysis 95.3 7.5 

Context: location and 

direction 

Content: proposed content 

analysis 

98.3 3 

 

5.3 Performance evaluation on the Oxford database  

In order to demonstrate the effectiveness of the proposed 

method on other datasets, we have used a second dataset to 

validate the proposed algorithms. We have downloaded the 

Oxford building dataset from [29], and used it for experiments. 

The dataset consists of 5062 images collected from Flickr for 

Oxford landmarks. It has been manually annotated for 11 

different landmarks. Each landmark category contains 5 

queries, giving rise to a total of 55 queries over which the 

landmark recognition system can be evaluated. Similar to the 

work in [37], we have used the images under the “Good” and 

“Okay” categories for experiments. The proposed method is 

applied and compared with the contextual BoW method in [14] 

and the descriptive phrase method in [16]. The results in Table 

6 show that the proposed method achieves a good recognition 

accuracy of 89.1%, which is 5.5%, and 7.3% higher than the 

method in [14] and [16] respectively. This shows that the 

proposed method can obtain good performance in a different 

benchmark dataset. Furthermore, the reason that the 

recognition accuracy (89.1%) on the Oxford database is lower 

than the recognition accuracy (around 93%) on the NTU 

database is mainly due to the differences in the training dataset 

collection process. The NTU database is collected with 

training purposes in mind, e.g., different perspective views, 

scales and clutter changes of landmark images in the training 

set. While for the Oxford training set, the images are collected 

mainly from the Flickr website, which does not contain a 

comprehensive range of image capturing conditions.  

 
Table 6 Experimental results on the Oxford building dataset 

Method Recognition accuracy (%) 

Li’s method [14] 83.6 

Zhang’s method [16]  81.8 

Proposed method 89.1 

 

VI. Conclusion 

This paper presents a new soft BoP approach for mobile 

landmark recognition based on discriminative visual phrase 

learning. The key contributions of this paper include: (i) The 

proposal of a DVP selection approach at latent semantic space, 

which exploits the PLSA and Bayesian analysis to derive a 

discriminative symmetric KL divergence metric for word-

level distance computing. After extending it to phrase-level 

distance metric, a PhraseRank technique is developed for DVP 

selection. (ii) The development of a new soft BoP encoding 

method to reduce the information loss caused by the 

conventional BoP quantization method. Experimental results 

on the NTU50 Landmark database and Oxford dataset show 

that the proposed method can achieve good recognition 

performance in mobile landmark recognition. In future work, 

we will focus on solving the problem of how to extend the 

second-order phrase to higher-order (e.g., 3-rd, 4-th and higher) 

phrase selection for landmark recognition. 
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