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Abstract 

 Cross Media Recovery(CMR) is one of the active research area in the field of 

internet services and multimedia technology. Presently, the information contents such as 

text, video and audio are easily generated by everyone, due to the development of 

internet techniques and digital capturing system. So, the search for the required data in 

the large stored content increases the difficulty and consumes more time. Also, the 

number of digital images per day is also growing exponentially at an alarming rate with 

the help of digital cameras or other devices. In order to manage the large content of data, 

most of the researchers focus on the retrieval systemand also develops new 

methodologies in CMR system. The review paper analysisthe researches done on the 

CMR systemand also examines themajor issues faced by these techniques.This procedure 

helps the researchers togive better solution for the current concerns faced in theCMR 

system. 

Keywords: Cross media retrieval, Digital capturing system,Internet services, Multimedia 

technology, Retrieval systems. 

1. Introduction 

 CMR system is an important research topic in the field of computer vision, 

pattern recognition etc. and it has attained a great success in recent years [1]. CMR is a 

challenging topic, because the real world media data are formed by the interaction of 

multiple factors on the different conditions, including background interference, 

illumination changes,URLs, stop-words,etc.Most of the retrieval systems focused on 

single media such as text retrieval, image retrieval, video retrieval and audio retrieval [2], 

[3]. For instance, Content-based image retrieval used to retrieve the images from the 

database based on the query image is processed by the similarity measurement. For 

instance, Scale-Invariant Feature Transform (SIFT) method determines the histogram of 

location and orientation of the media images by quantizing the location into eight parts.  

 SIFT feature transforms the media image into coordinates, which helps to extract 

the features for image matching with text data [5], [6].The major disadvantage of using 

SIFT feature in CMR system is complexity of matching sets of keypoint descriptors.The 

problem faced by the LBP in CMR system is, if the threshold value is high there is a 

chance of losing information and also it does not consider the local contrast of the 

neighborhood [8]. 

Overview of CMR system  
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 Generally, CMR system consists of four major steps such as, data acquisition, 

data preprocessing, feature extraction, and similarity measure. A general block diagram 

of CMR system is represented in the figure 1. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. General block diagram of CMR system 

1.1.Data acquisition and pre-processing 

 The initial stage of the CMR system is data acquisition, there are numerous 

databases available for CMR system. Some of the common publicly available databases 

are: Wikipedia dataset, X-Media dataset, flickr30k dataset, flickr8k dataset, Pascal 

sentence dataset, etc. [11]. Among these available datasets, Wikipedia dataset is the most 

widely used dataset for CMR system, which is based on Wikipedia “featured articles”, a 

continually updated article collection. There are totally 29 categories in “featured 

articles”, but only 10 most populated “featured articles” are actually considered [12]. The 

sample data collection of Wikipedia dataset is represented in the figure. 2. 

 

 

Data acquisition  

Data pre-processing 

Extracting the 

features of data 

Retrieve the relevant 

data using similarity 

measure 

Dictionary Query data 

International Journal of Pure and Applied Mathematics Special Issue

3226



 

 

Figure 2. Sample data of Wikipedia dataset 

 After the acquisition of media data, an important step in the CMR system is pre-

processing of acquired data. Pre-processing methods helps to remove the unwanted 

artifacts like URLs, stop-words from the text data and also the pre-processing 

methodologies helps toreduce the noise or enhances the quality of image data.  
 

1.2.Feature extraction  

 In CMR system, the feature extraction is performed on the pre-processed media 

data. Feature extraction is defined as the action of mapping the data from data space to 

the feature space [13].Totally, two levels of feature extraction methodologies are 

available in CMR system such as, low-level featuresand high-level features. 

 Low level feature methodologies:histogram features likeshape, color and texture 

of the objects. 

 High-level feature methodologies: Bags of features, Bag of words, histogram of 

oriented gradient, local binary pattern, scale-invariant feature transform, generic 

features [14],etc. 

1.2.1. Bag of words 

 Bag-of-words is the simplified representation of sentence or words, mostly 

utilized in the information retrieval system. Bag-of-words considers text as the bag, 

which contains words irrespective of the grammar and order of wordsalso it measures the 

repetition of the words. These text are used to retrieve the data similar to the query data 

[15].  

Principal component analysis 

 Principal Component Analysis (PCA) is the statistical methodology used to 

decrease the dimension of media data and also utilized to extract the useful features from 

media images [16]. Various image feature extraction techniques are preferred in CMR 

system, but the performance of PCA is very effective, because it factorize the target 

image and sparse noises effectively. Also, PCA gives more attention on covariance and 
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variance structure of the new variables𝑥1 , 𝑥2𝑥3 , . . 𝑥𝑝 . These variable magnitudes are 

much higher than the other variables, because these new variables receive heavy weights. 

 To avoid this reason, the variables are determined on scales with different ranges, 

otherwise the unit of the measurements are not equal. Let,𝑅be the sample correlation 

matrix calculated from 𝑛 observations on each principal component 𝑝 of random 

variables. The Eigen-value and Eigen-vector pairs of𝑅is represented 

as 𝜀1,𝑒1 ,  𝜀2,𝑒2 ,  𝜀3,𝑒3 ,… . .  𝜀𝑝 ,𝑒𝑝 . The𝑖 − 𝑡sample principal component of a vector 

𝑥 = 𝑥1, 𝑥2, 𝑥3 , . . 𝑥𝑝  variable is given in the equation (1). 

𝑒𝑖𝑍 = 𝑒𝑖1𝑍1 + 𝑒𝑖2𝑍2 + ⋯𝑒𝑖𝑝𝑍𝑝 , 𝑖 = 1,2,3, . .𝑝                                 (1) 

Where, 𝑒𝑖𝑍 = (𝑒𝑖1, 𝑒𝑖2, 𝑒𝑖3, . . . . 𝑒𝑖𝑝 ) represents 𝑖 − 𝑡 Eigen value and 𝑍 =

𝑍1,𝑍2 ,𝑍3,… .𝑍𝑝 is the standardized vector observation. 

 In principal component, the sample variance is represented as 𝑛𝑖and the sample 

covariance pairs are mentioned as zero. In addition, the total sample variance in all 

standardized variables is equal to the total sample variance in the principal component. 

Mathematically the standardized vector observation is expressed in the equation (2). 

𝑍𝑘=
𝑥𝑘− 𝑥 𝑘

 𝑣𝑘𝑘
,      𝑘 = 1,2,3,…𝑝                             (2) 

Where, 𝑥𝑘denotes sample mean and𝑣𝑘𝑘 is the sample variance of the variable𝑥𝑘 . 

1.2.2. Latent Dirichlet Allocation  

 The Latent Dirichlet Allocation (LDA) is a generative probabilistic topic model, 

where every document is represented as a random mixture of latent topics [7]. The every 

latent topic is described as a distribution over fixed set of words in LDA and used to 

identify the underlying latent topic structure based on the observed data. In LDA, a word 

is a distinct data from a vocabulary index 1, . . ,𝑉 , a series of 𝑁 words are represented as 

 𝑤 =  𝑤1,𝑤2 ……𝑤𝑛  and a collection of 𝑀 documents are denoted as 𝐷 =
 𝑤1,𝑤2 ……𝑤𝑀 . 
 

 The LDA approach described as a three level Bayesian graphical model, where 

nodes are represented as random variables and the edges utilized for possible 

dependencies between the variables.In this representation, 𝜋 refers to dirichlet parameter, 

ℵ refers to document-level topic variables, 𝑥 refers to per-word topic assignment, 𝑦 refers 

to the observed word and 𝜇 refers to the topics.  

 A joint distribution over random variable is represented as the generative process 

of LDA. The equation (3) calculates the probability density function of  𝑘 −

𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑎𝑙  dirichlet random variable. An equation (4) compute the joint distribution 

of a topic mixture and the probability of a corpus is determined by using the equation (5).  

𝑝 ℵ 𝜋 =
𝛤  𝜋𝑖

𝑘
𝑖=1  

 𝛤 𝜋𝑖 
𝑘
𝑖=1

ℵ1
𝜋1−1

……ℵ𝑘
𝜋𝑘−1

(3) 

𝑝 ℵ, 𝑥,𝑦 𝜋, 𝜇 = 𝑝 ℵ 𝜋  𝑝 𝑥𝑛  ℵ 
𝑁
𝑛=1 𝑝 𝑦𝑛  𝑥𝑛 ,𝛽 (4) 

𝑝 𝐷 𝜋, 𝜇 =   𝑝 ℵ𝑑  𝜋 
𝑀
𝑑=1    𝑝 𝑥𝑑𝑛  ℵ𝑑 𝑝 𝑦𝑑𝑛  𝑥𝑑𝑛 , 𝜇 𝑥𝑑𝑛

𝑁𝑑
𝑛=1  𝑑ℵ𝑑                (5) 
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 For an individual document, the calculation of the posterior distribution of the 

hidden variable is an important inferential task in LDA.  

Speeded up robust features  

 The Speeded up robust features (SURF)methodology isextensivelyemployed in 

pattern recognition applications. This approach consists of three phases: interest point 

description, localization, and integral image generation.In this scenario, the hessian 

matrix is determined for every pixel position of the media images 𝐼and it is statistically 

given in the equation (6),  

𝐻 𝑋,𝜎 =  
𝐶𝑥𝑥 (𝑋,𝜎)
𝐶𝑌𝑥(𝑋,𝜎)

 𝐶𝑥𝑌(𝑋,𝜎)
𝐶𝑌𝑌(𝑋,𝜎)

}                                             (6)                   

Where, 𝑋is denoted as the point of image, 𝜎is stated as scale. 

 Generally, 𝐶𝑥𝑥 (𝑋,𝜎)is represented as the convolution of Gaussian Second Order 

Derivative (GSOD)ofmedia image at the corresponding point with co-ordinates(𝑥, 𝑦). 

Gaussian second order derivative is denoted in the equation (7). 

ə2

ə𝑥2 𝑔 𝜎 ,𝑔 𝜎 =
1

2𝜋𝜎2 𝑒
− (𝑥2+𝑦2)

2𝜎2 (7) Similarly, the second order Gaussian derivative for 

𝐶𝑌𝑌(𝑋,𝜎)and𝐶𝑥𝑌(𝑋,𝜎)are denoted in the equation (8). 

ə2

ə𝑦2 𝑔 𝜎   𝑎𝑛𝑑    
ə2

ə𝑥ə𝑦
𝑔 𝜎                            (8) 

 Then, a simple box filter is employed as the approximationof convolution-GSOD 

in smooth media image that makes the operation less computational complexity. Here, 

the box filters are computed in constant time by utilizing integral images and this integral 

images are employed to achieve convolution of box filters𝐵𝑥𝑥 ,𝐵𝑦𝑦 ,𝑎𝑛𝑑 𝐵𝑥𝑦 . The 

approximate determinant of the hessian matrix is employed to identify the key-point, 

which is mentioned in the equation (9). 

𝐷𝑒𝑡 𝐻 𝑋,𝜎  =  𝐵𝑥𝑥𝐵𝑦𝑦 − (0.912𝐵𝑥𝑦 )2                                       (9) 

Where, 912.0 is utilized to stable the hessian matrixdeterminant. 

 In order to attain scale invariance, SURF employs box filters on the media image 

to examine and match interest points. The approximate determinant of hessian matrix is 

determined at various scales and the non-maximum suppression in 3 × 3 ×

3neighborhood is implemented to identify the maxima. With the reference of the 

maximum values, the SURF key point’s location and scale 𝜎 are obtained. An orientation 

is allocated to the obtained key-point by determining the haar-wavelet response within its 

neighborhood radius 6𝑠, (𝑠 represents sampling steps). 

 The next step involved in the SURF feature is extracting the descriptor at the key-

point. The orientation direction is allocated to the center of key-point with a square size 

of 20𝑠. Respectively, the square size is partitioned into 4 × 4 sub-regions,each sub-

region is further classified into 5 × 5 sampled space points, at each space point horizontal 

and vertical haar-wavelet response 𝑑𝑥 and 𝑑𝑦are identified. Here, each sub-region 
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generates four dimensional vector by employing haar-wavelet response and it is given in 

the equation (10). 

𝑣 = ( 𝑑𝑥 , 𝑑𝑦,  𝑑𝑥 ,  𝑑𝑦 )                            (10) 

 Now, all the sub-regions are concatenated into vectors as 4 × (4 × 4), which 

results in 64 dimensional vector at each key-points. The following 64 dimensional 

vectors are employed to perform the matching procedure. 

1.3.Similarity measures  

 After extracting the features, the extracted features are converted into row vector 

called template that consist of media data features. Then, the tested data template is 

matched with the dictionary to retrieve the relevant media data based on user query. 

Some of the commonly utilized similarity measures in CMR are represented below. 

1.3.1. Euclidean distance 

The Euclidean distance is used to determine whether the two templates are matching 

or not and it calculates the distance between the features in the two templates [18]. 

The Euclidean distance between the two templates are calculated by employing the 

formula given in the equation (11). 

 

𝐸𝑢𝑐𝑙𝑖𝑑𝑒𝑎𝑛 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 =    (𝑥𝑖 − 𝑦𝑖)2𝑛
𝑖=1                               (11) 

 

Where, 𝑥 𝑎𝑛𝑑 𝑦 are represented as Euclidean vectors, and 𝑛 is represented as the position 

of the Euclidean point. 

 

1.3.2. Manhattan distance 

 Manhattan distance is also called as 𝐿1 Distance or Manhattan length, If 𝑢 =
 (𝑥1,𝑦1) and 𝑣 =  (𝑥2,𝑦2) are the two points, then the Manhattan distance between 𝑢 

and 𝑣 is calculated by using the equation (12). 

𝑀𝑎𝑛𝑎𝑡𝑡𝑎𝑛 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒  𝑢, 𝑣 =  𝑥1 − 𝑥2 +  𝑦1 − 𝑦2                        (12)                            

 In case, instead of two dimensions, if the points have n-dimensions such as 

𝑢 = (𝑥1, 𝑥2… . , 𝑥𝑛) and𝑣 = (𝑦1,𝑦2… . ,𝑦𝑛). Then, theequation (12) is generalized by 

defining the Manhattan distance between 𝑢 and 𝑣 are analyzed using the equation (13). 

𝑀𝑎𝑛𝑎𝑡𝑡𝑎𝑛 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒  𝑢, 𝑣 =  𝑥1 − 𝑦1 +  𝑥2 − 𝑦2 + ⋯ 𝑥𝑛 − 𝑦𝑛  

=   𝑥𝑖 − 𝑦𝑖        𝑓𝑜𝑟  𝑖 = 1,2, . .𝑛           (13) 

 The distance between the two points on a grid is based on the horizontal and 

vertical path. The Manhattan distance is the simple sum of the vertical and horizontal 

components. Whereas, the diagonal distance is calculated by employing Pythagorean 

Theorem. 

1.3.3. Minkowskidistance 
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 The Minkowski distance is defined as the distance between two points in a 

normed vector space. The general formula for Minkowski distance is denoted in the 

equation (14). 

𝐷 𝑥,𝑦 = (  𝑥𝑖 − 𝑦𝑖 
𝑝𝑛−1

𝑖=0 )1/𝑝                              (14) 

Special cases: 

 When 𝑃 = 1, the distance is known as Manhattan distance 

 When 𝑃 = 2, the distance is known as Euclidean distance. 

 

 

2. Literature review 

 Several techniques are suggested by researchers in the CMR system. In this 

scenario, brief evaluations of some important contributions to the existing literatures are 

presented. 

 

Author  

 

 

Methodology  

Employed 

 

Dataset 

 

Advantage 

 

Limitation 

Performance 

measure 

 

 

 

T. Yao, 

et al. [10] 

 

 

 

Supervised 

hashing 

methodology  

 

 

Wikipedia 

and NUS-

WIDE 

datasets 

 

The supervised 

hashing approach 

further improves the 

retrieval accuracy by 

reducing the 

quantization error. 

In a few cases, the 

proposed method 

was not efficient in 

large scale database 

and also not robust 

in content 

interpretation from 

multimedia 

documents. 

 

Mean 

Average 

Precision 

(MAP), 

precision and 

recall 

 

 

X. 

Zhai,et.al 

[11] 

 

 

Joint 

representation 

Learning 

 

 

Wikipedia 

and X-Media 

dataset 

The proposed 

methodology 

delivers an effective 

outcome in the both 

CMR and single 

media retrieval 

systems. 

 

The proposed 

methodology have 

the concern of 

language risk. 

 

 

MAP, 

precision and 

recall 

 

 

 

 

Y. 

Peng,et 

al. [12] 

 

 

 

 

Unified patch 

graph 

regularization 

 

 

 

Wikipedia, 

NUS-WIDE 

andX-Media  

dataset  

Compared to 

existing approaches, 

the proposed 

approach achieves 

MAP valueof 

0.332in Wikipedia 

dataset, 0.273 in 

NUS-WIDE 

datasetand 

0.501XMedia 

dataset.  

The proposed 

approach was only 

applicable for 

datasets were 

written in well-

organized 

language. 

Otherwise, it leads 

to inconsistency 

with realistic 

applications. 

 

 

 

 

MAP, 

precision and 

recall 

 

 

 

 

 

 

Proposed technique 

significantly 

 

Whereas, the 
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Y. He,et 

al. [13] 

Deep and 

Bidirectional 

representation 

learning approach 

Flickr30k, 

IAPRTC-12, 

and Flickr8k 

dataset 

increases the 

matched pairs and 

also dramatically 

reduces the un-

matched pairs of 

media data. 

learning algorithm 

utilized in this 

researchwas too 

sensitive to 

parameters. 

 

Precision and 

recall 

 

 

 

H. 

Zhang,et 

al. [14] 

 

 

 

Semi-supervised 

correlation 

preserving 

mapping 

 

 

 

Generated 

image-audio 

dataset 

Proposed strategy 

not only enhances 

the multimedia 

retrieval rate and 

also have the 

potential to improve 

the performance of 

all media based 

applications. 

While performing 

with semi 

supervisedmethodo

logies, the semantic 

gap was maximized 

between the feature 

values, which leads 

to poor retrieval 

rate. 

 

 

 

 

Precision 

 

 

J. Liu,et 

al. [15] 

 

Machine learning 

techniques 

withinteractive 

mapping   

 

Corel and 

Pascal 

dataset  

Machine learning 

techniques enables 

flexible exploration 

of training 

knowledge. 

In this research, it 

was so difficult to 

compare the 

queries, due to 

lower level 

alignment. 

 

Precision and 

recall 

 

 

 

L. 

Huang, 

and Y. 

Peng, 

[16] 

 

 

 

 

Fine-Grained 

Correlation at 

Entity Level 

 

 

 

Wikipedia 

and 

PASCAL 

Sentence 

dataset 

The proposed 

approach constructs 

an entity level with 

fine-grained 

semantics between 

low-level and high-

level concepts that 

reduces the distance 

between media 

contents, a positive 

correlation entity 

level was achieved. 

 

 

The correlation 

between the entity 

levels were not 

fully exploited and 

also deliverspoor 

result for lower 

amount of data. 

 

 

 

 

MAP, 

precision and 

recall 

 

 

 

Y. Hu,et 

al. [17] 

 

 

Optical character 

recognitionbased 

CMR approach 

 

 

Wikipedia, 

NUS Wide 

and 

Flickr30k 

dataset 

The experimental 

outcome confirmed 

that the proposed 

methodology was 

more significant 

than existing 

approaches in terms 

of recognition rate. 

The proposed 

methodology 

achieves high 

retrieval rate even 

when the nature of 

the content 

changed, but it was 

only applicable 

fortext images. 

 

 

Average 

retrieval 

accuracy and 

mean rank 

 

 

 

 

Y. Xia,et 

al. [18] 

 

 

 

Probabilistic 

model with K-

Means algorithm 

 

 

 

APR TC-12 

and 

Wikipedia 

dataset 

 

 

The clustering 

methods were 

domain independent, 

so it was easy to 

tune the parameters. 

Computational time 

was bit high in 

proposed 

methodology 

compared to other 

existing 

approaches, while 

 

 

 

Average 

precision and 

average 

recall 
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clustering the 

images in large 

dataset. 

 

 

J. Yan,et 

al. [19] 

 

Joint graph 

regularization 

based 

modality-

dependent CMR 

approach 

 

Wikipedia, 

Pascal 

Sentence, 

INRIA-web-

search 

dataset 

The proposed 

approach learns 

dissimilar projection 

of matrices based on 

the intra and inter 

modality similarities 

for retrieving the 

different tasks. 

This research work 

considers the both 

inter and intra 

modal similarities 

in a united frame 

work, so it 

increases the 

complexity of 

frame work 

 

 

 

MAP, 

precision and 

recall 

 

 

 

 

 

L. Xie,et 

al. [20] 

 

 

 

 

Manifest  and 

latent cross-

modal semantic 

generation model 

 

 

 

 

Wikipedia 

and MIR 

Flicker 

dataset 

 

 

The content 

correlation was 

easily attained from 

the both multi-model 

web pages and 

documents using 

proposed approach 

 

 

Proposed approach 

does not gave 

experimental 

results for Tri-

Space and Ranking 

(TSR),  

𝑇𝑆𝑅𝑡𝑥𝑡 and𝑇𝑆𝑅𝑖𝑚𝑔 i

n an acceptable 

time and also 

required high 

computational cost 

to implement. 

 

 

 

 

 

 

Precision and 

recall 

 

 

R. Ren, 

and J. 

Collomos

se, [21] 

 

 

 

Latent Dirichlet 

Allocation (LDA) 

approach 

 

 

 

 

Core dataset 

 

The ranking 

procedure delivers 

further precision and 

also introduces 

diversity, which 

stimulates the user 

discovery of content. 

If the number of 

samples were low, 

the LDA algorithm 

was highly affected 

in the training set 

that decreases the 

performance in 

terms of retrieval 

rate. 

 

 

Average 

precision, 

query time, 

precision and 

recall 

 

 

H. 

Zhang,et 

al. [22] 

 

 

Kernel-based 

methodology,loca

l linear regression 

and graph model 

 

 

Corel image 

galleries and 

TRECVID 

Dataset 

 

The graph based 

frameworks further 

optimize the 

ultimate 

performance 

iteratively. 

Identifying the 

exact value of topic 

portion from the 

visual feature was 

very hard, because 

sometimes concept 

regresses were 

inaccurate. 

 

 

 

Precision 

  

 

 

 

 

K. Liu,et 

al. [23] 

 

 

 

 

Accumulated 

reconstruction 

error vector 

 

 

 

 

Wikipedia 

and 

NUS-Wide 

 

 

The simulation 

result showed that 

the proposed method 

significantly 

improves the data 

The proposed 

methodology 

retrieves only the 

text image from the 

database and it was 

less suitable for 

recognizing the 

 

 

 

 

 

MAP and 

retrieval rate 

International Journal of Pure and Applied Mathematics Special Issue

3233



 

3. Conclusion 

 CMR system is the most powerful and effective system for retrieving the relevant 

multimedia data compared to single media retrieval.CMR system offers an enormous 

variety of methodologies for achieving better retrieval rate. It is utilized in 

multipleapplications like indexing and retrieval, digital watermarking, computer vision, 

pattern recognition and multimedia content analysis. This review paper gives an 

overview of CMR system and also evaluates thedeveloped methodologies by means of 

advantage, limitation and performance measure. Additionally, reviews several commonly 

utilized multimodal datasets, and empirically evaluates the concerns faced by the 

methodologies.Still,there is much work to be done on CMR systemfor delivering better 

retrieval outcome. This review paper will help readers to understand the state-of-the-art 

in CMR system and motivate more meaningful works. 
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dataset retrieval rate by 

means of precision. 
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