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Abstract 

Nowadays, many technologies based on the computer science have rapidly improved 

the quality of every part of our lives. These technologies are utilized in many 

different areas, use different techniques, and are based on different concepts; 

however, they typically have a single goal in common that is to make life easier and 

improve its quality. Today, biggest companies are offering their services and 

products based on the computerized technologies. In the current competitive market, 

giving the users a better experience working with the website, application, or any 

other software that a company uses to communicate with its users can be highly 

valuable to that company.  

Recommender systems are among the most valuable automatic tools that can 

improve the user experience with a more general system considerably when 

embedded inside that system. Since the mid-nineties and slightly after that, when the 

term “recommender system” coined by Resnick and Varian, researchers have 

conducted huge studies on this topic and the methods and approaches they have 

found are various and sundry. A recommender system serves the users in many ways, 

for instance, it shows the items to the users of a retailer’s website in an order which 

is probably more compatible with their attitudes. One of the major factors that affects 

one’s decisions and attitude towards an item is the image that describes the item or 

is highly related to it. Therefore, it seems intuitive that recommender systems 

consider images in their methods; however, this not the case in general. In this 

research we have proposed an approach that measures the similarity of the items 

considering both its common features, which are considered as numerical and 

categorical, and the image attached to that item. One big issue that treats the 

feasibility and practicality of such an approach is the difference between the 

computation time of similarity measurement considering these two categories of 

features. In order to make this system practical we have used a distributed approach 

which considerably reduces the computations related to the image part. The results 



 

 

show the effectiveness of this approach despite the simple similarity measure that we 

have used to compute the similarity of images. 
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1.1 Motivation and Overview 

An everlasting goal of the computerized systems has been providing users with a 

more desirable experience using the system. This goal has driven many researches in 

various domains of science. Regardless of how the user desirability is defined in a 

system, the unchanged fact is that the user desirability is one of the common goals 

among most of the systems using computer to provide a service. For instance, 

machine learning methods along with speech processing methods can help the 

experts to design answering machines which give people the illusion that the machine 

can really understand them, so they feel more comfortable communicating the 

system. Therefore, there is a cycle in which the improvements cause to further 

researches and the results of those researches in turn result in further improvements 

and increase the users’ expectations, as well.  

Recommender systems are among the most promising components that can increase 

the effectiveness of a system hiring them through improvement in the user 

experience. Since the mid-nineties and slightly after that, when the term 

“recommender system” coined by Resnick and Varian, researchers have conducted 

huge studies on this topic, and the methods and approaches they have found are 

various and sundry.  

Despite the reasonable and undeniable achievements in the domain of recommender 

systems, many questions still remain unanswered and need to be addressed. One of 

these issues that, to the best of our knowledge, is neglected in most of the researches 

about recommender systems is related to the fact that a huge part of data around us 

is in the image format, however, the researchers usually ignore the images and focus 

solely on the text-based data. For instance, movies are proposed to users just based 

on some textually representable information extracted from other users or suchlike. 

This approach works well in many scenarios, nevertheless, this is not the case in 

general. To bring an example, one of the most important factors to people when 

deciding to choose a house is its appearance which is obviously a pictorial data. 
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Therefore ranking houses just based on text-based features does not seem to be 

appropriate enough. 

In this research we have focused on the aforementioned issue, i.e., considering 

images as part of the data describing items which should be recommended by the 

recommender systems. The results can be considerably effective when used in many 

applications, e.g. ranking or suggesting users in social networks, houses on real estate 

websites, or vehicles, dresses, and even jewelries on the corresponding e-commerce 

websites. 

1.2 The Organization of Thesis 

This document can be partitioned into two main parts. The first part provides the 

required background knowledge which serves as the basis for the methods proposed 

during this research. Indeed, in the first part of this document which includes chapter 

2 to chapter 5 we have respectively provided some basic information about the 

parallel processing, image processing, recommender systems, and image retrieval. 

The second part of this document is dedicated to the proposed method. Chapter 7 is 

all about our proposed method which utilizes some techniques introduced in the 

aforementioned domains. In this chapter, first, some information about the areas that 

recommender system have been used and their approaches are mentioned. Then, the 

proposed method is explained thoroughly. Finally, experimental results are provide 

to show the positive effects of the proposed method. 

In order to improve the results achieved using the novel method proposed in chapter 

7, we have used a CBIR component. As this component plays a significant role in 

the quality of the final results we proposed two methods which help to retrieve more 

relevant images regarding the query image. This chapter is fully dedicated to the 

illustration of these methods. 

Finally, chapter 8 summarizes the contributions of this work, and provides some hints 

about the future studies that can be conducted based on this research.



 Chapter 2: Parallel Programming 

 

6 

 

Chapter 2  

Parallel Programming 

 

 

 

  



 Chapter 2: Parallel Programming 

 

7 

 

2.1 Overview of parallel programming 

Many science and engineering disciplines are affected profoundly by parallel 

computing with regard to speed and capability. These disciplines include 

environmental and climate modeling, plasma and condensed matter physics, 

economics, image and video processing, bioinformatics and computational biology, 

jet construction, quantum chromo-dynamics, device and semiconductor simulation, 

speech recognition, seismology, thermodynamics, societal health and safety, 

earthquakes, auto assembly, geophysical exploration and geoscience, turbulence, 

materials science and computational nanotechnology, human/organizational system 

studies, atmospheric science, plate tectonics, stockpile stewardship, signals 

intelligence, defense, cosmology and astrophysics, and so forth [1] - [4] .  

For instance, consider astronomy, a natural science which is the study of celestial 

objects (such as stars, galaxies, planets, moons, asteroids, comets and nebulae), the 

physics, chemistry, and evolution of such objects, and phenomena that originate 

outside the atmosphere of Earth, including supernovae explosions, gamma ray bursts, 

and cosmic microwave background radiation, where one of the most striking 

paradigm shifts has occurred. According to NASA1, a vast number of new, 

enormously detailed observations deep into the universe have been available to 

scientists for a while. These staggering new data are collected from such instruments 

as the Digital Sky Survey and the Hubble Space Telescope. Nonetheless, until 

recently it was quite hard, if not impossible to contrast these information and draw 

firm conclusions based on complicated mathematical theories, due to the complexity 

of these theoretical relations. However, thanks to massively parallel computers 

having large memories, now we witness an astonishing change in that. Indeed, 

comparing the theories with observed data is made available using High- 

performance computing (HPC) which has transformed the practice of cosmology 

                                                 

1 National Aeronautics and Space Administration 
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deeply. Nowadays, high-quality observations, with incredible resolution, have 

become available at the same time as advances in parallel computing and realistic 

physics software which together have facilitated fast progress in improving our 

knowledge from the universe [5][6] . Equations of physics-based computation are 

now complemented by massive-data-driven computations. Another equally 

important point is that using parallel computing techniques is that they allow us to 

discard some theories as being incompatible with observations [7] . 

Furthermore, nowadays, in consequence of the broad availability of large-scale data 

sets which are collected from various domains including text, speech, image or video 

processing systems a vital demand to automate the process of extracting information 

from them is created. In brief, Data Mining and Knowledge Discovery are commonly 

defined as the extraction of patterns or models from observed data, usually, so as to 

make further and more complicated decisions and categorization possible. Examples 

of pattern recognition and data mining range from large collections of images 

clustering on Flickr, social connection mining on Facebook, to books 

recommendation by Amazon.  

Knowledge discovery and data mining requires complex operations on the 

underlying data which can be very expensive in terms of computation and analysis 

time. This computation time can be reduced significantly through high performance 

parallel systems. Indeed, researchers have realized that parallel processing as a novel 

technique for scaling up the algorithms provides them with an the tools required for 

developing learning algorithms that are able to take advantage of the increasing 

availability of multi-processor and grid computing technology and consequently run 

faster. Using parallel computing not only increases the performance of current data 

mining systems, but also makes it possible to expand the borders of this domain 

beyond the borders of possibility before the emergence of HPC. For example, in text 

mining the size of the input data is huge and we have to deal with a high dimensional 
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data, so the computations have to be distributed across hundreds or thousands of 

machines in order to finish in a reasonable amount of time. 

Another example can be found in the fields of computational biology bioinformatics 

[4] , especially in molecular biology, which is aimed at gaining and understanding of 

how cells and systems of cells operate. The ultimate goal of bioinformatics is 

improving human health, longevity, and the treatment of diseases, which should be 

done at the cost of huge computations with enormous run-times. So far, computer 

simulations are the only approach for understanding the dynamics of 

macromolecules and their assemblies. However, as stated previously, gaining a clear 

understanding of the characteristics of protein interaction networks and protein-

complex networks which are formed by all the proteins of an organism requires 

enormous computational efforts and resources. This demand is so high that even after 

employing knowledge-based constraints, protein folding problem2 remains 

seemingly computationally intractable. The complexity that exists in molecular 

systems, can be considered in terms of both the number of molecules and the types 

of molecules [9] . 

Nowadays, this field of science enjoys modern parallel computation approaches to 

overcome the aforementioned difficulties. In fact, beside the utilization of statistical 

methods to process large data sets, a tremendous number of data mining and 

knowledge discovery algorithms are being developed and deployed, which have 

enabled the scientists to decode the human genome [8] . Accordingly, there has been 

a paradigm shift in the nature of biological computing with the. The ability to perform 

predictive simulations of biochemical processes has completely changed the 

researchers’ ability to understand the chemical basis of biological functions, which 

                                                 

2 Prediction of protein structures  and computational modeling to comprehend the mechanism that transform 

gens into proteins 
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in turn has extremely improves their capability to treat diseases, design new 

medicines, and understand the mechanisms of genetic disorders besides its intrinsic 

value in basic biological researches. 

2.1.1 Beyond the Moor’s Law 

Many scientists consider the Moore's Law the business model which drives the 

semiconductor industry and the exponential growth that continues nowadays. 

According to this law, the number of transistors in a dense integrated circuit doubles 

approximately every two years. However, as previously stated our ever-increasing 

demand for more processing has inclined the researchers to move toward the 

development of new approaches to go beyond what is expected according to Moore's 

law and to explore innovative High Performance Computing (HPC) architectures 

which are able to overcome the limitations of conventional computing systems. 

These approaches include: 

 Multi-core processors 

 Heterogeneous computing architectures 

2.1.2 Multi-core processors 

A multi-core processor is a single computing component with two or more 

independent actual central processing units which provide the whole processor with 

enhanced performance, reduced total power consumption, and more efficient 

simultaneous processing of multiple tasks. These processors are able to deliver 

considerable performance benefits for multi-threaded programs through increasing 

processing power with minimal latency, given the proximity of the processors. Multi-

core processors show even more substantial advantages in applications such as 

CRM3, ERP4, ecommerce and virtualization which are highly multi-threaded 

                                                 

3 Customer Relationship Management 

4 Enterprise Resource Planning 
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applications with huge demands for processing power. Indeed, this approach enjoys 

immediate multiple factors of computing density, while reducing per-processor 

power consumption and heat. 

From the well-known examples of multiple-core processors we can mention for 

example AMD Phenom II X2 and Intel Core Duo –which have two cores, AMD 

Phenom II X4, Intel's i5 and i7 processors- with four cores-, AMD Phenom II X6 

and Intel Core i7 Extreme Edition 980X-having six cores-, or even Intel Xeon E7-

2820 and AMD FX-8350-which have eight cores [32] .  

2.1.3 Parallel computing challenges 

Besides providing great opportunities, parallel computing faces reasonable limits 

which even seem prohibitive in some problem domains. Before proceeding further, 

in this sub-section, we quote “Top 10 issues in parallel computing” provided by a 

group of experienced parallel programmers at Intel [22] . 

1. Finding concurrent tasks in a program. How to help programmers “think 

parallel”? 

2. Scheduling tasks at the right granularity onto the processors of a parallel 

machine. 

3. The data locality problem: Associating data with tasks and doing it in a way 

that our target audience will be able to use correctly. 

4. Supporting scalability, hardware: bandwidth and latencies to memory plus 

interconnects between processors to help applications scale. 

5. Supporting scalability, software: libraries, scalable algorithms, and adaptive 

runtimes to map high level software onto platform details. 

6. Synchronization constructs (and protocols) that let programmers write 

programs free from deadlock and race conditions. 
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7. Tools, API’s and methodologies to support the debugging process. 

8. Error recovery and support for fault tolerance. 

9. Support for good software engineering practices: composability, incremental 

parallelism, and code reuse. 

10. Support for portable performance. What are the right models (or abstractions) 

so programmers can write code once and expect it to execute well on the 

important parallel platforms? 

Parallel computing demands the development of sophisticated data preprocessing, 

data compression, out-of-core processing, and compiling and message-passing 

techniques in order to facilitate transition from traditional two dimensional 

processing to contemporary N dimensional one, in addition to requirement of 

massive computing power. However, porting existing codes which are prepared for 

a sequential architecture to parallel architecture often requires massive effort [25] -

[27] .  

As stated previously, it is not always possible or cost effective to translate a 

sequential code to its parallel counterpoint. Indeed, having a persistent programming 

model for scalable, parallel computers is essential to easily perform this transition. 

Nevertheless, software developers often generate highly optimized codes for specific 

models on parallel computers to exploit new hardware features and new parallel 

algorithms. This makes reaching a general unique programming platform even 

harder [38] . We should note that the principal goal of high performance computing 

has always been the development of software and algorithms that exploit the 

maximum processing power of the parallel architecture [28] . Due to lack of a single 

common API5 exploitation of portability in parallel programming is hard to define 

                                                 

5 Application Programming Interface 
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and difficult to achieve. Portable performance, which is defined as the capability to 

gain the highest performance possible on each parallel computing system from the 

same program image, is of high importance in the study of parallel computing [30] . 

Yet another challenge comes from the complexity of the problems which require 

various and unusual skills from the application developers.  

All in all, the success of a parallel computing model depends highly on how 

sufficiently it overcomes these issues. This clearly explains the convergence in HPC 

computing to standard programming and architecture models as well as the reasons 

why hybrid computing, especially GPU computing, are proving themselves as major 

trends in the parallel computing approaches, and are gradually replacing 

conventional computing models [31] . 

2.2 Performance measures 

Performance measures is composed of a set of metrics which can be employed to 

measure the quality of an algorithm. While time and space are adequate metrics for 

measurement of the quality of sequential algorithms, it becomes quite different when 

it comes to parallel algorithms. Two additional metrics which are essential for 

evaluating parallel algorithms are efficiency and speedup. Using this measures in 

addition to time and space we can gain a good understanding of quality of a parallel 

algorithm. These measures provide us with a theoretical analysis of the algorithm. 

Consequently, in order to gain an experimental evaluation of the algorithm, metrics 

such as memory bandwidth and floating point operations per second can be 

employed. These metrics define the performance of a parallel architecture when it is 

running a parallel algorithm. Furthermore, sometimes we cannot completely 

parallelize an algorithm. In such cases, having a theoretical estimate of the maximum 

speedup possible, which can be gained from the laws of Amdahl and Gustafson, is 

quite worthwhile. 
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Given a problem of size n, the running time of a parallel algorithm, using p 

processors, is denoted: 

(2-1)  ( , p)T n  

Theoretically, speedup and efficiency can be calculated based on the metrics work 

and span. 

2.2.1 Work and span 

The measure work and span provide us with a method to evaluate a parallel 

algorithm, as they determine the borders of parallel computing and introduce the 

notion of work [10] . Parallel algorithms not only have to be as fast as possible, but 

also have to introduce the least amount of additional effort required. The less extra 

effort we make, the more efficient a parallel algorithm will be. 

Definition 1: Work is defined as the total amount of processor time required to 

complete the program using only one processor, and denoted by ( ,1)T n . 

As illustrated in Figure 2-1 Calculation of work for a typical program [20] . All the 

processing times should be considered in the calculation of work. 

 

Figure 2-1 Calculation of work  for a typical program [20] . 

Definition 2: Span, sometimes called the critical path length, is defined as the most 

expensive path that extends from the beginning to the end of the program; or 

equivalently, it is defined as total amount of processor time required to complete the 

program using an infinite number of processors, denoted by ( , )T n  . 
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As illustrated in Figure 2-2 Calculation of span for a typical program [20] . Only the 

processing times along the most expensive path should be considered in the 

calculation of span. 

 

 

Figure 2-2 Calculation of span for a typical program [20] . 

These definitions pave the for definition of two important laws, namely work law 

and span law which determine two lower bound for ( , p)T n . 

Definition 3: According to work law the execution time of a parallel algorithm is 

never less than 1
p
 of its work. This definition can be stated by the following 

inequality:  

(2-2)  
( ,1)

( , )
T n

T n p
p

  

Definition 4: According to span law the execution time of a parallel algorithm is 

never less than its span. This definition can be stated by the following inequality:  

(2-3)  ( , ) ( , )T n p T n   

2.2.2 Speedup 

It is highly desired to somehow measure how much improvement can be achieved 

through parallelization of an algorithm. This measurement can be taken using the 

notion of speedup. 
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Definition 5: Speedup, denoted by pS , is defined as the ratio of the rate at which work 

is done when a job is run on p processors to the rate at which it is done using only 

one processor. This definition can be stated by the following equation:  

(2-4)  
( , )

( , )

s
p

T n p
S

T n p
     

where ( , )sT n p denotes the best execution time of a sequential algorithm for the same 

problem whose execution time using p processors is ( , )T n p . 

According to work law the following inequality always holds: 

(2-5)  .pS p  

Ideally, we prefer pS p , which is called perfect speedup and is maximum theoretical 

value of speedup a parallel algorithm can achieve when n is fixed, however, in 

practice this is rarely achieved because of two prohibitive factors, namely memory 

bottlenecks and overhead increase as a function of p. 

Definition 6: Linear speedup, occurs when the speedup increases linearly as a 

function of p, which means that the overhead of the algorithm is always in the same 

proportion with its execution time, for all p. 

Definition 7: Super linear speedup, occurs when the speedup is more than p, using 

p processors in parallel computing, that is pS p . 

Definition 7: Sub linear speedup, occurs when the speedup is less than p, using p 

processors in parallel computing, that is pS p . 

All the various types of speedup which mentioned before, have been illustrated in 

Figure 2-3. 
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Figure 2-3 Speedup curves. 

The possibility of super-linear speedup has been a source of debate among the 

researchers for decades. Super-linear speedup states that the computational power of 

parallel machines would be literally more than the sum of their parts [12] , which has 

made it of high importance in the field of computer science. While some researchers 

contend that the notion of super-linear speed up is not possible [13][14] , there is a 

plethora of scientists who believe that it is possible due to some reasons, including 

the presence of loop overhead in the single processors [15] . 

Sometimes it is not possible to fully parallelize an algorithm, which leads us to sub-

linear speedup, so we need a partial speedup expression instead of the equation (2-

4). These expressions which are called laws of speedup have been proposed by 

Amdahl and Gustafson. 

2.2.2.1 Amdahl’s Law (Strong scaling) 

Amdahl’s law [16] , also known as Amdahl's argument, can be employed in order to 

find the maximum expected improvement to an overall system when only some parts 
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of the system are parallelized. According to this law, the expected overall speedup 

for a fixed size problem is given by the following equation: 

(2-6)  
1

( )
(1 ) r

p

S p
r


 

 

where r is the proportion of a program that can be made parallel. 

It can be simply implied from the equation (2-6) 
1

( )
(1 ) r

p

S p
r


 

 

 that, if p tends to infinity, this equation becomes: 

(2-7)  
1

( )
(1 )

S p
r




 

Amdahl’s law is worthwhile for algorithms which need to scale their performance as 

a function of the number of processors, given a fixed problem size n. This type of 

scaling is known as strong scaling. 

The maximum speedups possible with some typical settings have been illustrated in 

Figure 2-4. 
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Figure 2-4 The maximum speedups possible with some typical settings [26] . 

2.2.2.2 Gustafson’s Law (Weak scaling) 

Gustafson's Law [19]  which provides a counterpoint to Amdahl's law and is another 

useful measure for theoretical performance analysis that, in brief, contends that 

computations involving arbitrarily large data sets can be efficiently parallelized; and 

in contrast to Amdahl’s law does not assume a fixed size of the problem. Indeed, 

Gustafson's law is based on a fixed-time model whereby work per processor is kept 

constant while p and n increase. This law assumes that, the time of a parallel program 

is composed of a sequential part s and a parallel part r which are executed by p 

processors, i.e.:  

(2-8)  ( )T p s r   
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According to Gustafson’s Law the speedup can be expressed by the following 

equation: 

(2-9)  

( )                               

  (The fraction of serial computation)

( ) (1 )

s rp s rp
S p

s r s r s r

s
s r

S p p



 


  

  




   

 

The various speedup values corresponding to some typical values of α have been 

shown in Figure 2-5. 

 

Figure 2-5 The various speedup values corresponding to some typical values of α [18] . 

Gustafson’s law helps us to gain a deeper understanding of parallel computing and 

the notion of speedup. Regarding Gustafson’s law a type of scaling known as weak 

scaling is defined whereby the problem size is not assumed to be fixed anymore, and 

we try to increase the work linearly as a function of p and n. 
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Besides the speedup, as one of the most important measures of parallel computing, 

there are also other metrics, such as the FLOPS6, the efficiency, and so forth, which 

provide additional information about the quality of a parallel algorithm. 

2.2.3 FLOPS 

FLOPS is a measure of computer performance which as it is implied by its name 

measures the number of floating point operations per second. Based on this metric 

we can calculate a parameter which expresses the efficiency of the numerical 

computation relative to a given hardware: 

(2-10)  e
c

h

F
F

F
  

Where
eF denotes the FLOPS corresponding to the implementation of a given 

algorithm and 
hF denotes the peak FLOPS of a specific hardware. 

On June 10, 2013, China's Tianhe-2 was ranked the world fastest with a record of 

33.86 PFLOPS7. So far, ExaFLOPS is remained out of reach, however it is believed 

that in the following years, using GPU-based hardware, the goal of EFLOPS scale 

will be achieved. Figure 2-6 illustrates how GPU and CPU performance has 

improved over the past years. 

                                                 

6 FLoating-point Operations Per Second 

7 PetaFLOPS (An updated list of the 500 most powerful super-computers in the world is available at the 

’www.top500.org’) 
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Figure 2-6 The trend in improvement of performance of GPU and CPU over the past years, in terms of 

FLOPS [19] . 

2.2.4 Efficiency 

Efficiency of an algorithm using p processors, denoted by EF, is defined as: 

(2-11)  
( ,1)1

( , ) . .
( , )

p s
S T n

EF n p
p p T n p

   

According to Equation (2-11)  
( ,1)1

( , ) . .
( , )

p s
S T n

EF n p
p p T n p

   

 it is clear that ( , ) 1EF n p  . As it is difficult to achieve perfect speedup, maximum 

Efficiency ( ( , ) 1EF n p  ) is almost unobtainable. This evaluation metric is of high 

importance because it indicates how well the hardware is uses. Moreover, efficiency 

states among the implementations such as cluster, supercomputer, workstation which 

should take priority, with the presence of limited resources.  
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2.3 Parallel systems 

The lack of general consensus on a single definition for parallel computing is 

obvious, however a general term on which is able to gain a positive feedback from 

many scientists is that parallel computing is the simultaneous use of multiple 

computing resources to solve a computational problem. This is exactly the case that 

has happened to the categorization of computer architectures. Despite the huge 

efforts made over the years to reach a satisfactory classification, there is not such a 

thing as the perfect categorization. However, there are some categorizations which 

are widely accepted by many scientists. Among them, is Flynn’s taxonomy, proposed 

by Michael J. Flynn in 1972 [21] . He analyzes the machines by the number of data 

streams and the number of different program streams processed at a given time and 

provides a coarse classification of parallel machines. Flynn’s four classifications are 

shown in Figure 2-7. 

 

Figure 2-7 Flynn's taxonomy. 

2.3.1 SISD 

SISD8 (Figure 2-8) refers to a computer architecture in which there is a single 

processor which executes a single instruction stream, to operate on data stored in a 

single memory. There is no parallelism at all in either instruction or data streams in 

SISD. During the process of computation the instruction stream generates an 

instruction and processor applies it on a datum of memory using data stream. After 

                                                 

8 Single Instruction stream, Single Data stream 
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finishing the execution of this instruction, another instruction is generated to be 

applied on another datum and this process continues until the desired task is 

completed. All of the single core CPUs of the 1950s, which were based on the 

original Von Neumann architecture, as well as the Intel processors from 8086 to 

80486 fall into this category [22][23] . 

 

Figure 2-8 An SISD computer architecture. 

2.3.2 MISD 

Computers which belong to this category (illustrated in Figure 2-9) have more than 

one processors each of which has its own control unit and is able to handle only one 

instruction but apply it to many data streams simultaneously, therefore a kind of 

parallelism is made possible in these computer architectures.  
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It is worth mentioning that some scientists contend that there is no such thing as an 

MISD9 machine, and believe that these machines are just a variant of SIMD 

machines. MISD computers are not very common and usually are implemented for 

specific purposes, especially in fault-tolerance computers executing the same 

instructions redundantly in order to detect and mask errors , for example in space 

shuttle flight computers [22][23] . 

 

Figure 2-9 An MISD computer architecture. 

 

                                                 

9 Multiple Instruction streams, Single Data stream 
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2.3.3 SIMD 

The computers which work based on SIMD10 architecture, have more than one 

processors, each of which has its own local memory unit. Each memory unit contain 

its corresponding processor’s data. All the processors execute the same instruction at 

the same time, which are issued by a control processor. These computers were the 

first systems to be implemented with a huge amount of processors, and were among 

the first systems to provide computational power in the GFLOPS order. The 

instructions executed with such computers as well as the data used by them can be 

either simple or complex. These computers which are sometimes also known as 

processor-array machines exploit data parallelism [24] .  

Vector computers in the 70’s and 80’s were the first to implement MISD; vector 

processors such as IBM 9000, Cray X-MP are considered as MISD computers. This 

architecture is particularly applicable to common tasks such as adjusting the contrast 

in a digital image, adjusting the volume of digital audio or even tasks like applying 

a mathematical model to different parts of the problem domain.  

Last but not least, most contemporary GPUs work with many SIMD batches 

simultaneously so they are considered as an evolved SIMD architecture [23] .  

                                                 

10 Single Instruction stream, Multiple Data streams  
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Figure 2-10 An SIMD computer architecture. 

2.3.4 MIMD 

MIMD11 architecture includes most modern general purpose computers (Intel, AMD 

and ARM multi-cores), also newer GPU architectures are partially implementing this 

architecture. These machines are parallel computer structures composed of multiple 

independent processors. In this architecture, which is the most flexible architecture 

and the most common type of parallel machines in use, each processor runs under 

the control of instruction stream of its own control unit over the data of its own data 

stream. In fact, at any time, each processor may be executing different instructions 

on different pieces of data. Communication between processors is carried out either 

by means of a shared memory or through an interconnection network. 

                                                 

11 Multiple Instruction streams, Multiple Data streams  
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Figure 2-11 An MIMD computer architecture. 
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3.1 A General Categorization of Image Processing 

Image processing include a various and sundry range of tasks which can easily be 

categorized in many different ways. Roughly, these algorithms can be categorized 

into three general groups: 

 Low level image processing algorithms, which usually convert image data 

into image data; 

 Intermediate image processing algorithms, are more complex than low level 

operations and derive abstractions from the image pixels, 

 High level image processing algorithms, which are knowledge-based 

algorithms that, in general, extract the interpretation of the information 

extracted from the lower level operations. 

3.2 Low Level Image Processing Algorithms 

Low level image processing algorithms, such as edge detection, noise reduction, 

object labelling, template matching, or corner detection, directly operates directly on 

stored images to improve or enhance them. The principal purpose of these operators 

is to prepare the images for improved human perception, measurement, automatic 

analysis, or interpretation. The input to these algorithms is an image and the output 

of the algorithm is an image, as well. 

 

An image can roughly be defined as an array, or a matrix, of square pixels12 arranged 

in columns and rows. These images may come directly from digital cameras or from 

indirect data, produced in synthetic aperture radar, seismic, MRI, etc. No matter how 

                                                 

12 Picture elements 
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the image is acquired, a variety of operations can be performed on it which often 

begins with low-level processing.  

Using individual pixel values, these operators modify the input image. For instance, 

a usually operation which is carried out on the pixels of an image is noise removal 

or reduction, also known as noise cleaning or noise reduction. Real images are very 

noisy, so we perform to remove or reduce these unwanted variations produced by the 

sensors or environment, which alter the actual pixel values. 

Another example is the edges detection algorithm which identifies object boundaries 

within image to capture important events and changes in properties of the world. 

Indeed, the points at which image intensity changes sharply are typically organized 

into a set of curved line segments termed edges. Edges typically occur on the 

boundary between two regions, and after performing edge detection operation, these 

parts of the image are highlighted in the output image.  

It is worth mentioning that sometimes to improve the effectiveness of a low level 

operation, one or more other low level operations should be performed on the same 

image. For example, usually, before performing edge detection on an arbitrary 

image, it requires to undergo the noise reduction process because it is very difficult 

to find edges in noisy images. 

It is very common to transform an image from the original spatial domain into the 

frequency domain, because a big portion of image processing algorithms are carried 

out more effectively and efficiently when used in the frequency domain. These 

transformations operate upon all pixel values and convert them from one domain to 

another. Examples include Fourier transform, Hilbert transform, Wavelet transform, 

Hilbert-Huang transform, and many more [33] . Indeed, these transforms comprise 

an indispensable part of the image processing. For example, frequency domain 

analysis and Fourier transforms are the cornerstones of signal and system analysis.  
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Anyone who has spent any time on the internet, at some point has probably 

experienced delays in downloading web pages, which happens because of different 

factors such as the network overall traffic or the amount of data on the page which 

was requested at that moment. As image data are usually comprising a considerable 

portion of each webpage, downloading them often takes much time. For instance, 

visiting a shopping website, one may look for a particular purchase, whose image is 

among a huge database or archive of images. Downloading each image completely 

and then deciding that it does not belong to the item for which one is looking, can be 

time-consuming, while it was possible to make this determination (i.e., whether or 

not the image suits our purposes) with much less quality than the full image 

possesses. Certainly it is quite easy to reject most of the images with only a very 

rough idea of their content. What experienced web designers usually do in such 

circumstances, is using a reduced-size version of the pictures, also known as 

thumbnail. In technical perspective, this reduced size image is nothing but the 

original image which has undergone a transformation like Fourier transform and 

down-sampling procedure. 

One may conclude from the examples that these low level operators are very simple 

arithmetic operations such as applying a filter on image, however it is not true. For 

example, template matching is a well-known technique whose goal is finding small 

parts of an image which match a template image requires some sophisticated 

operations based on cross-correlation.  

It is quite common that pixels which form straight lines or curves need to be 

localized. Hough transform, which is designed to detect lines, using the parametric 

representation of a line, is an efficient algorithm which manipulate this issue 

effectively [39] . It uses pixel coordinates to identify the parameters of the equations 

of the line. The classical Hough transform was only concerned with the identification 

of lines in the image, nevertheless, later it has been extended to identifying positions 
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of arbitrary shapes whose parametric equation is known, especially circ les or 

ellipses. An interesting merit of Hough transform is that it can give robust detection 

under noise and partial occlusion. Furthermore, as mentioned previously, many low 

level image processing algorithms have a positive effect on each other. In this case, 

edge detection is often used as preprocessing to Hough preprocessing to Hough 

transform. 

Last but not least, in low level image processing algorithms, in most applications, 

operate on all the pixels of an image or all neighborhoods of some pixels, which 

make parallelism of huge benefit to these algorithms. 

The low level image operations can be further classified into three categories:  

 Point operations, whose output value at a specific coordinate is dependent 

only on the input value at that same coordinate. A typical point operator is 

depicted in Figure 3-1. 

 Neighborhood operations, whose output value at a specific coordinate is 

dependent on the input values in the neighborhood of that same coordinate. A 

typical neighborhood operator is depicted in Figure 3-2. 

 Global operations, whose output value at a specific coordinate is dependent 

on all the values in the input image. A typical global operator is depicted in 

Figure 3-3. 
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Figure 3-1 A sample of a low level point operator. 

 

Figure 3-2 A sample of a low level neighborhood operator. 

 

Figure 3-3A sample of a low level global operator. 

In what follows in this section, we have explained each of these types briefly. 
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3.2.1 Point Operators 

As stated before, these operators produce an image through a pixel-wise 

manipulation of the original image, i.e., each pixel of the output image depends just 

on the value of its corresponding pixel in the input image and require no data from 

other pixels to process an input pixel into an output pixel. 

These operators are considered to be the simplest image operators regarding the 

computing time and complexity of the algorithm. Also, these algorithms are 

embarrassingly parallel, i.e., their computational graph is disconnected, which makes 

them almost perfect for parallelization especially through data decomposition 

paradigm. 

 A vast majority of operators such as noise reduction, smoothing, brightness 

adjustment, contrast adjustment, thresholding, or edge detection fall into this 

category. As these operators act as the basis of many other higher level image 

processing algorithms, we briefly discuss some of them. 

Thresholding an image, which is the simplest method of image segmentation, is the 

process of making the corresponding input pixels above a certain threshold level 

white and others black. The effect of this operator on an arbitrary image has been 

illustrated in Figure 3-4. 

 

Figure 3-4 An arbitrary image (left), along with the resulting image from thresholding  (right) [43] . 
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Brightness adjustment concerns with subtraction or addition of the brightness of an 

image through which a constant is added or subtracted from the luminance of all 

sample values in the input image to build the output image. The effects of brightness 

addition and subtraction are shown, respectively in Figure 3-5 and Figure 3-6. 

 

Figure 3-5 An arbitrary image (left), along with the resulting image from brightness addition (right) [34] . 

 

 

Figure 3-6 An arbitrary image (left), along with the resulting image from brightness subtraction (right) [34] . 

Contrast adjustment is equivalent to expanding or compressing the histogram around 

the midpoint value. This operation is simply implemented with a linear mapping of 

the brightness value of each pixel. An arbitrary image along with its contrast adjusted 

counterpart are depicted in Figure 3-7. 
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Figure 3-7 An arbitrary image (left) along with its contrast adjusted counterpart (right) [34] . 

3.2.2 Neighborhood Operators 

Neighborhood operators apply to all pixels in a region of the image data around a 

specific pixel. As other low level operators, the result of these operators can be 

interpreted as images. Neighborhood operators are pretty much common and have 

various applications ranging from blurring, sharpening, noise reduction, and feature 

identification to measuring the similarity of two images, and edge detection. All of 

these operators employ the information of the source pixel and the value of pixels in 

the neighborhood surrounding it to calculate the corresponding value in the 

destination pixel. Some rather complicated tasks such as object recognition, image 

restoration, and image data compression fall into this category. 

These operators can be further categorized into two categories: linear filters and non-

linear filters. 

Generally speaking, a filter is a process which removes or enhances some aspects of 

an arbitrary image. We usually consider two-dimensional filtering techniques in 

image processing as an extension of one-dimensional signal processing theory with 

exactly the same principles and rules. However, compared to signal processing that 

was applied to analog or continuous time domain processing long time ago, almost 
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all contemporary image processing techniques which are somewhat common in a 

vast group of applications involve discrete or sampled signal processing. 

Linear filters 

The homogeneity and additivity properties together are called the superposition 

principle which itself is the basis for definition of linear systems, including linear 

filters. A system is called linear if it satisfies the properties of superposition.  

The property of homogeneity states that for a given input, x, in the domain of the 

function f, and for any real number a, 

(3-1)  ( ) ( )f ax af x    

The property of additivity states that for given inputs, x1 and x2, in the domain of the 

function f,  

(3-2)  
1 2 1 2( ) ( ) ( )f x x f x f x    

The superposition principle for two-dimensional signals is depicted in the Figure 3.8. 

 

 

A.o1(x,y)+B. o2(x,y)  Linear Filter (H) A.i1(x,y)+B.i2(x,y

) 

i2(x,y) Linear Filter (H) o2(x,y) 

o1(x,y) Linear Filter (H) i1(x,y) 

Figure 3-8 The superposition principle for two-dimensional signals. 
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In image processing jargon, a linear filter is implemented using two-dimensional 

convolution which performs between a source image and a two-dimensional impulse 

response, which is commonly known as convolution kernel and is usually 

considerably smaller than the source or input image, in order to produce a destination 

image. This operation is state as, 

(3-3)  

( , ) ( , )

[ , ] ( * )[ , ]

[ , ] ( , ) [ , y j]
i V x y j V x y

IM x y im h x y

IM x y h i j im x i
 



         

Non-linear filters 

In general, non-linear filter is a system whose output is not a linear function of its 

input. These filters exist in both continuous-domain and discrete-domain.  

Despite the adequacy of the linear image enhancement tools in many cases, 

significant advantages in image enhancement can be attained if non-linear techniques 

are applied to an image. Indeed non-linear filters preserve the edges and details of 

images and remove the noise while methods based on linear operators tend to blur 

and distort them. Furthermore, nonlinear image enhancement tools are less 

susceptible to noise. This quality is very important because noise is always present 

as a consequence of physical randomness of image acquisition systems which 

involves acquisition of images in the environments with high or low temperatures, 

illuminations, humidity, etc. 

As per [35]  non-linear filters can be divided into four categories based on their 

behavior: 

- L-type filters 

- R-type filters 

- M-type filters 
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3.2.2.1 L-type filters 

The output of these filters can be expressed by a fixed linear combination of the order 

statistics. Given an input signal X, the output Yk of such a filter can be stated like 

this: 

(3-4)  

1

.Z
i

n

k i k

i

Y a


  

where n is the window size, ai is the data-dependent coefficient, that is the i'th 

element of a set of constant weights, and Z
ik
is the i'th sample of the order statistics 

among the 2N+1 samples that are inside the window centered at k. 

3.2.2.2 R-type filters 

The output of these filters can be expressed by a fixed linear combination of the order 

statistics. Given an input signal X, the output Yk of such a filter at index k of window 

size 2N+1 can be stated like this: 

  

(3-5)  
iorder statistics of {f(X )}kY   

where 
if(X ) can be any arbitrary linear function of the input signal Xi. 

3.2.2.3 M-type filters 

The output of these filters can be calculated by solving an equation. Given an input 

signal X, the output Yk of such a filter at index k of window size 2N+1 can be 

achieved through solving this equation: 

(3-6)  

1

( ) 0,
n

i k

i

x Y


    

where   is an odd, continuous, and sign-preserving function. 
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3.2.3 Global Operators 

Global operators use the whole source image to produce the resulting output image. 

A representative example for this kind of low level operators is discrete Fourier 

transform (DFT). Many other well-known transforms including DCT13, FFT14, or 

Walsh-Hammond Transform fall into this category. These operators, along with 

neighborhood operators, are more computationally expensive than point operators. 

3.3 Intermediate Level Image Processing 

The operators that belong to this category take in one or more regions of pixels, 

represented by one or more N by N arrays of pixel data and then produce more 

compact data structures or slightly more abstract forms, such as lists or graphs, which 

are descriptive of the image. This implies that these operators also work on the image 

at the pixel level, however the main difference is that they reduce the amount of data 

that is available in the input image in the process of producing the output image. 

Consequently while the input data achieved from the source image is positionally 

related to the source data, the same does not hold for the output data. 

Some representative examples of this category of image processing operations are 

Connected-component labelling (CCL), perceptual grouping, image measurement, 

and object tracking. 

Since the origin of computer science, algorithms of connected-component labeling, 

also known as connected-component analysis, blob extraction, region labeling, blob 

discovery, or region extraction ]44[, have been widely used in many fields ]45[, 

including image processing ]46[. In the field of image processing, a CCL algorithm 

                                                 

13 Discrete Cosine Transform 

14 Fast Fourier Transform 
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typically scans an input image and groups its pixels into components based on pixel 

connectivity. The pixels’ connectivity is defined based on positioning of the pixels 

and their intensity, that is, all pixels in a connected component have similar pixel 

intensity values and are somehow connected with each other. After determination of 

all groups, each pixel is labeled with a gray-level or a color according to the 

component it was assigned to, which the latter case is called color labeling ]48[. An 

example of region labeling applied on an arbitrary image has been illustrated in 

Figure 3-8. In this figure both gray-level and color labeling are presented. 

 

Figure 3-8 An example of b) gray-level along with c) colored region labeling applied on an arbitrary image 

(a) [47] . 

The idea of perceptual grouping for computer vision is based on the human visual 

ability to spontaneously derive relevant groupings or structures from source images 
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and is aimed at reducing ambiguity presented in image data or in initial segmentation 

and to increase the robustness and efficiency of subsequent processing steps. This is 

achieved through organization of image primitives into higher level primitives thus 

explicitly representing structure contained in the image data. The origins of 

perceptual grouping are rooted in the work of Gestalt psychologists who described, 

among others, the ability of the human visual system to organize parts of the retinal 

stimulus to "Gestalten", into organized structures ]43[]42[. Though the significance 

of this operation is discerned in the mid-80th ]39[-]41[, recently, methods based on 

perceptual grouping have produced promising results in various vision applications 

and have proved to be extendable to even more complex applications [36][37] . 

Nevertheless, these methods suffer from a prohibitive low computational speed on 

current workstations, despite their reasonable accuracy. To overcome this problem, 

using parallelized methods is inevitable, which is further improved using some 

algorithms for dynamic load balancing in [38] . 

3.4 High level image processing 

High level image processing refers to sophisticated knowledge-based methods which 

are aimed at achieving a rich interpretation from the high level information extracted 

from the intermediate level processing. Computer vision and its subcategories are 

among the most well-known members of this category. For example, scene analysis 

and image understanding are regarded high-level image processing operations. 

Computer vision concerns reconstruction, interpretation, and understanding a three 

dimensional scene from two dimensional image(s), and its ultimate goal is to model 

and replicate the human vision. Computer vision is highly depended or based on four 

pillars, namely: 

- Human vision, 
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- Computer science, 

- Pattern recognition, 

- Signal processing. 

It is worth mentioning that many researchers, especially those who work in the field 

of computer vision, consider some intermediate operators such as segmentation as 

parts of computer vision, while many consider such operators as a basis for computer 

vision and limit the computer vision to very high level operations. 
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4.1 Recommender Systems 

Along with astonishing achievements in customizations of applications, 

recommender systems have gained wide-spread acceptance during the last decade 

[49] . These systems have attracted increased public interest which has provided the 

e-commerce based business with new opportunities to raise their sales [50][51] .  

Great companies like Google1, Netflix2 and Amazon3 and websites like imdb4 are 

considered as good examples that employ an extensive range of different types of 

recommender systems which has had a huge positive effect in their user’s 

experiences. 

Indeed, Recommender systems are among the most valuable components that can 

improve the user experience with a more general system considerably when 

embedded inside that system. Since the mid-nineties and slightly after that, when the 

term “recommender system” coined by Resnick and Varian, researchers have 

conducted huge studies on this topic and the methods and approaches they have 

found are various and sundry. 

The main objective of recommender systems is to reduce the complexity for users, 

sifting through very large datasets containing information about some items and 

selecting the most desired ones. For instance, when a user is going to buy a book on 

a website like Amazon, he usually faces enormous book titles which makes it 

difficult to choose a book quickly that suits the user’s attitude. However, using a 

recommender system, the retailer website offers the user some books which are 

                                                 

1 www.google.com 

2 www.netflix.com 

3 www.amazon.com  

4 www.imdb.com 
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supposed to be more attractive to him, and therefore limits his choices which in turn 

makes the decision making easier. 

Each recommender system is typically expected to offer a common set of tasks as 

follows [52] : 

 Obviously, the main functionality that a recommender system has to offer is 

to recommend a list of items, which are considered by the system as the most 

useful for the specific user. 

  In addition, the system should be able to predict the desirability or rating of 

an item from a user’s perspective when the item is requested by the user. 

 Further, the system should be able to provide useful and effective 

recommendations when the user has limited the set of items through setting 

some restrictions. 

In order to get this functionality, recommender systems usually follow a general three 

step mechanism [53] : 

1- The users’ preferences are provided to the recommender system, which can 

be down in two ways: 

a. Users provide explicit information, such as rating, in order to show the 

desirability of the items from their own perspective. Indeed, in this 

case, system offers the users one or more mechanisms to unequivocally 

express their interests in objects and evaluate them, usually using a 

rating system [69] . 

b. Users’ attitude is obtained implicitly, without interventions of users 

and through the actions made by the users in the application. Namely, 

this evaluation is performed without the user being aware, through 

capture of information obtained from. For instance users’ attitude 
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towards a song can be roughly related to the times they listen to it , or 

when the users access to an online journal article, based on the time 

they spend on reading, the system could automatically infer how much 

the content have been interesting to them. 

2- A user preference profile is created for all the users, using the information 

collected in the first step.  

3- The system produces recommendations for the current users, which have an 

entry in users’ preferences list, and even unseen users, based on the preference 

profile created in the previous step. 

It is worth to mention that each of the approaches to achieve information about user’s 

preferences has its own advantages and disadvantages. The first approach which 

achieves the information explicitly may face problems because it mistakenly assumes 

that users’ attitudes are fixed through time, which is clearly a wrong assumption and 

can degrade the performance of the recommender system to some extent. The second 

approach which tries to achieve the information implicitly, nevertheless, has its own 

problem because realistically there is no information available about the new users 

that enter the system. 

There are various methods and algorithms which can be utilized by recommender 

systems in order to produce personalized recommendations. All of these approaches 

can be categorized under three distinct paradigms which are explained in the next 

section. 

4.2 Recommender System Paradigms 

Recommender systems can be roughly divided into three main categories. These 

categories are formed based on the type of information the recommender system uses 

to predict the desirability of items to users [54] . 
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4.2.1 Content-Based Filtering 

The main goal of Content-Based Filtering (CBF), also called cognitive filtering, is to 

offer the users the items to which they have shown interest before [55] . In this 

approach, which is deeply rooted in information retrieval [56] , similarities between 

the user’s list of desired products, and items from the whole set of items which are 

still unknown are computed. Similarities between items are measured based on 

specific features attributes which have already been chosen by the system 

designer(s). 

In other words, the system creates and maintains a profile which is composed of 

historical information about the users’ preferences toward items and recommends 

them items which are similar to the items they liked in the past. Typically, these 

systems use learning methods such as Bayesian classification ( [57] - [60] ) or k-

nearest neighbors ( [61] - [64] ). 

Although the general framework remains the same among the content-based 

recommender systems are highly depended on the kind of items, or the context of 

use, in order to qualify the content of the items they have to use some specific 

methods. In fact, the set of features these systems use to represent each item for their 

computations, such as similarity measurement, or even the similarity measures vary 

based on the context of use. For instance, the most representative words of the web 

pages, or the number of links to a web page from other websites can be used by a 

system which works with webpages [65] ; while TF-IDF weights [66][67]  are usually 

used by systems which work documents [68] . 

One of the key advantages of content-based recommender systems is that they do not 

need any domain knowledge and the only information they require to make a 

recommendation is the user’s preference history toward some of the items from the 
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item set to which new items belong. And the key challenge these systems face is that 

they are only able to work when feature extraction is feasible and items can be 

represented using meaningful attributes. 

4.2.2 Collaborative Filtering 

Collaborative Filtering (CF), also called social filtering [69] , is another mainstream 

approach utilized by recommender systems. According to this approach the 

recommendations are made based on collecting and analyzing some reasonable 

information about the system users’ behaviors and attitudes. The methods belonging 

to this category predict the desirability of the items to the users based on the similarity 

of the users to each other. Indeed, the items recommended to a user are those 

preferred by similar users. 

This approach has its roots in human behavior. People usually rely on the 

recommendations made by those who have similar attitudes as theirs, to choose a 

movie to rent, a tourist site to visit, etc. This technique tries to simulate the 

collaboration that happens between users in the real world, i.e. they share opinions 

about items and make suggestions [78] . 

CBF recommender systems identify the users who share the same filling and their 

taste can be leveraged to predict a specific user’s attitude towards an item. To be 

more precise, the similarities between users are computed based upon their rating 

profiles. Then, the products that most similar users have liked or the most relevant 

products are suggested to the users. There are many situations where one should 

make a decision and of the widely used approaches is getting advice from people 

whose opinion is valued by them. The same idea is employed by the CBF 

recommender systems. 

One of the main pros of the collaborative filtering is that, as opposed to collaborative 

filtering, it does not require machine analyzable content. As a result, CF-based 
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approaches are capable of predicting the desirability of complex items such as music 

or movie accurately without requiring an "understanding" of the item itself. 

However, a key challenge which CF-based approaches should deal with is measuring 

the user and item similarity.  

Indeed, because collaborative filtering systems have shown very acceptable and high 

quality results, despite the fact that they require minimal information they have 

become the most prominent representatives of recommender systems. These systems 

are used by well-known retailers such as Amazon and TiVo in order to make 

suggestions to their customers [70][71] . 

There are many approaches to implement collaborative filtering, for example, 

methods based on associative rule [72] , or Bayesian classifier [73] - [76] , or horting 

[77] . In fact, Collaborative filtering approaches can be categorized as memory-based 

or model-based. These approaches are explained in more details in the following 

sections. 

4.2.2.1 Memory-based Collaborative Filtering 

Memory-based collaborative filtering approach, utilize the entire user-item database 

by storing them as-is into memory in order to generate a prediction. When the system 

tries to make suggestions to a user, the ratings of the similar users which are already 

stored into the database are used. Usually these algorithms use only a portion of 

users, known as neighbors instead of the entire database. Recommendation for the 

active user1 can be generated based on items or users. The first case is known as item-

based collaborative filtering while the second case is known as user-based 

collaborative filtering.  

                                                 

1 The user for whom recommendations are made 
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User-based collaborative filtering 

Because the user-based collaborative filtering methods are easy-to-implement and 

highly effective, they so popular that the term “collaborative filtering” is commonly 

used as a synonym for user-based collaborative filtering. Early generations of 

recommender systems that use the item-based collaborative filtering to approach the 

suggestion making problem include the GroupLens [79]  and Ringo [80] . For 

instance, the GroupLens employs the user rating data to calculate the similarity or 

weight between users or items. Based on these stored similarity values, predictions 

or recommendations are made. 

User-based CF algorithm, first calculate the similarity, 
u,vS , between the 

users u and v who have both rated the same items. Subsequently, the similarity, 
,i jS

, between the two co-rated items of the users are calculated. 

The similarity between users or items can be measured in many different ways, some 

of which are represented here. 

Pearson correlation, derived from a linear regression model, measures the extent to 

which two variables linearly relate with each other. According to this method 
u,vS  is: 

(4-1)  
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where I is the set of items, 
,ru i

denotes the rating of user u for item i, and ur  denotes 

the average rating of user u for all the items rated by u. 

Another approach to calculate the similarity between two users is the cosine 

similarity which measures the cosine of the angles of two vectors representing the 

users’ rating to items in the same order: 
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(4-2)  
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Item-based collaborative filtering 

In contrast to the user-based collaborative filtering algorithm, the item-based 

approach [81]-[83] considers the set of items which the target users have rated and 

computes how similar they are to the target item in order to selects k most similar 

items. At the same time their corresponding similarities are also computed. After 

finding the most similar items, the weighted average of the target users’ ratings on 

these similar items should be taken in order to generate the prediction.  

Among the most important merits are the item-based collaborative filtering are 

slightly low computational complexity and its ability to decouple the model 

computation from the prediction generation. 

One of the most important steps in item-based CF is computing the item-item 

similarity in order to select the most similar ones. The similarity measures that 

mentioned in the previous section can be used to this aim. 

4.2.2.2 Model-based collaborative filtering 

Model-based collaborative filtering algorithms the ratings are not directly used in 

order to generate the recommendations. Indeed, in this approach a model is 

developed using data mining, machine learning algorithms based on the ratings to 

make predictions [85]. The models are first trained using a training set, and then they 

can be used to generate the predictions.  

Typically, classification methods, such as Bayesian networks, association rule 

mining or latent semantic analysis, can be used as collaborative filtering models 

when the user ratings are categorical, and regression models and SVD methods can 

be used when the ratings are numerical. 
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4.2.2.3 Hybrid collaborative filtering 

Another approach to collaborative filtering is the hybrid collaborative filtering which 

combines the memory-based and the model-based CF methods in order to overcome 

the shortcomings of each approach. Hybrid collaborative filtering, not only, 

improves the prediction performance, but also, it overcomes some of the major 

collaborative filtering problems such as sparsity and loss of information. Many 

commercial recommender systems, such as Google news recommender system 

utilize this this approach. Nevertheless, these improvements come at the cost 

increased complexity and more expensive implementation.  

The main pros and cons of the three approaches are summarize in the following table 

[84]. 
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Table 4-1 A comparison between three collaborative filtering approaches. 

Approach Pros Cons 

Memory based - Easy implementation 

- Incremental addition 

of new data 

- Being aware of 

content of the items 

being recommended 

are not required 

- Dependency to 

human ratings 

- Performance 

degradation due to 

data sparsity 

- Cannot handle new 

users and items 

- Does not scale well 

with data size 

Model based - Handle the 

scalability sparsity, 

and other issues 

better. 

- More accurate 

predictions 

- Having an intuitive 

rationale for 

recommendations 

- Building the model 

has a rather high 

complexity 

- Precision of the 

prediction comes at 

the cost of a lower 

scalability 

Hybrid method - Overcomes the 

shortcomings of the 

other approaches 

- More complexity 

and implementation 

cost 

4.2.3 Hybrid Recommender Systems 

Hybrid approach as its name suggests, combine both collaborative and content-based 

filtering under one single framework to overcome the shortcomings of either 

approach and take advantage of the strength of each approach. In fact, there are 
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numerous ways for combining collaborative and content-based approaches, which 

includes:  

- Using each method separately and combining them in order to achieve the 

ultimate recommendation. 

-  Implementing a collaborative filtering approach and adding some content-

based features to achieve recommendations of higher quality. 

-  Implementing a content-based approach and adding some collaborative 

filtering features to achieve recommendations of higher quality. 

-  Implementing a model which unifies both approach. 
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5.1 The Introduction of the CBIR 

Nowadays, digital images are commonly utilized in many areas from biology, and 

medicine, to face or finger print recognition. Therefore, effective methods for 

searching and retrieval of images have witnessed considerable interest. The 

traditional image retrieval systems worked based on keywords and captions 

representing the images [94][95]. These captions were generated manually which 

was quite inefficient and expensive. The manual keyword generation process even is 

not able to capture every noticeable keyword that describes the image. In order to 

overcome the major deficiencies of the conventional approaches, content-based 

image retrieval (CBIR), also known as query by image content (QBIC) and content-

based visual information retrieval (CBVIR), was introduced. The term "content-

based" alludes that the contents of the image are used in the retrieval process rather 

than the metadata such as keywords, or captions associated with the image which 

were traditionally used. 

Most CBIR system rely on low-level image features, i.e., color, texture and shape 

which are extracted from individual images and arranged in some predetermined way 

forming an appropriate feature vector (FV). When the system receives a query image 

it is compared to these features using a distance metric. The images with the 

minimum distance to the query are displayed as the result. In order to increase the 

overall efficiency of the system, the low-level features are usually stored in a 

database. There are plenty of distance metrics reported in the literature which are 

presented in the following sections. 

The main advantages of the CBIR systems is that the retrieval process is automatic 

and there is no need to manually provide metadata for images. However, one of the 

difficulties the CBIR systems have is that images are complex to manage. Also, 

image indexing is not a trivial task. Furthermore, they require a mapping from the 
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high-level user perceptions into low-level image features, which is known as the 

“semantic gap” problem. A survey on this concept presented in [103].  

5.2 Architecture of CBIR Systems 

A typical architecture of a CBIR system is depicted in Figure 5-1. As mentioned 

before, the system is able to receive a query image and return the most similar images 

to the query image which are stored in the image database. The queries are processed 

based on the low-level features of the images. The query-processing module is 

responsible for extracting the features of the query image and comparing it to the 

stored images. Once the similarity between the query image and the stored images 

are computed based on a similarity measure, the stored images are ranked based on 

their distance to the query image and the most similar ones are retrieved. 

In order to increase the efficiency of the system, the features vectors representing 

each image are extracted and stored in the database. This process, which is done by 

data insertion subsystem, is usually performed off-line. It is worth mentioning that, 

like other forms of databases, image databases are typically indexed too. The image 

indexing is performed based on the feature vectors extracted from each image, and 

utilizes structures such as M-tree [97] or Slim-tree [98] to accelerate the similarity 

computation and retrieval processes. 
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Figure 5-1 Architecture of CBIR system [105]. 

5.3 Features utilized by CBIR systems 

Typically, each CBIR system extracts some features, such as color, edge, texture, 

and shape, from each image to describe it. Each feature represents a specific visual 

property of the image either globally for the whole image or locally for its regions or 

objects within it [104][105]. These low level features are described in the following 

sections. 
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5.3.1 Color Features 

One of the most widely used features extracted from images is the color feature 

which is invariant with respect to scaling, translation and rotation of an image. There 

are some key approaches for extracting these features which are illustrated here. 

5.3.1.1 Color Moments 

The mean, variance and skewness of an image which are known as color moments 

(respectively, known as the first, second, and third color moments) characterize the 

color distribution in an image. 

The first moment can be calculated by using the following formula: 

(5-1)  1

1

N

i ijN

j

p


   

where N is the number of pixels in the image and 
ijp  is the value of the jth pixel of 

the image at the ith color channel. 

The second color moment can be calculated by using the following formula: 

(5-2)  
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The third color moment can be calculated by using the following formula: 

(5-3)  
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5.3.1.2 Color histogram 

A color histogram denotes a representation of the statistical distribution of colors in 

an image and disregard the spatial location of the colors where each histogram bin 

corresponds to a color in the quantized color space. The number of bins is specified 

by the number of colors in the image.  
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The color histogram can be measured for any kind of color space. The number of 

elements in a histogram is specified by the number of bits in each pixel of the image. 

Indeed, an n-bit image has 2n  values (or intensities) from the interval[0,2 1]n  . 

Although the color histogram is relatively invariant regarding the translation and 

rotation about the viewing axis, and varies only slowly with the angle of view, it is 

significantly affected by changes in illumination, shading, highlight and inter 

reflections. To overcome this drawbacks, Gevers et al. [109], proposed a robust 

histogram for object recognition that is invariant to the aforementioned changes. 

Domke and Aloimonos [110], proposed a method to create color histogram that 

makes the histogram invariant under any mapping of the surface that is locally affine, 

and thus a very wide class of viewpoint changes or deformations. The main idea is 

that pixels in the two images can be 'weighted' using the gradients in different color 

channels. So, a deformation of an image region will change both the image and the 

weights equally. 

5.3.1.3 Color coherence vector 

Color histograms are a computationally efficient solution that have been widely used 

in many CBIR systems. However, they do not contain any spatial information which 

may defect the performance of the system facing different images with similar color 

distribution. Furthermore, they are affected by changes in overall image brightness.  

Color coherence vector (CCV) [111] overcomes these drawbacks by partitioning 

each bin of histogram into two types: coherent, and incoherent. If a pixel belongs to 

large similarly-colored contiguous region it is categorized as coherent, otherwise it 

is considered as incoherent. So, the values of the pixels are partitioned into 

corresponding bins according to this definition. 
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5.4 Invariance 

A typical CBIR system should be able to retrieve most of the most similar images to 

the query image. This means that these systems, not only, should retrieve the most 

similar images using proper similarity measures, but also, if an image is similar to 

the query image it should be retrieve, no matter if it has transformed geometrically, 

its view or even illumination has changed .  

As mentioned before, CBIR systems utilize low-level features extracted from the 

images to describe them. These features are later used to compute the similarity 

between images. Nonetheless, not every low-level feature is geometrical 

transformation invariant. It is worth to mention that, invariance to changes in 

illumination, shading, highlights, inter reflections, as well as invariance to various 

kinds of noise are important too. Therefore, using these features will decrease the 

overall performance and accuracy of the CBIR system. There are many approaches 

presented in the literature to overcome this problem, from which we mention some. 

To cope with the change of view when comparing two images, a typical solution is 

to simulate the original image to every possible view, extract the ordinary features. 

These features can be used in future matchings. Affine-SIFT (ASIFT), proposed by 

Morel and Yu [99][100], is a promising image matching framework which is based 

on this approach. However, the most important drawback of ASIFT is that its 

computational complexity is high. To overcome this drawback Yu et al. [102] 

proposed the iterative SIFT (ISIFT), for different viewpoint images. ISIFT estimates 

the geometric transformation between the image pairs iteratively. The estimated 

model is then used to simulate the query image. The simulated image and the query 

image are matched and results are converted to the original images. 

Yao et al. [101] proposed a retrieval technique which extends histogram intersection 

method to retrieve the texture regions from a database of natural images. Indeed, they 

proposed two types of local edge patterns (LEP) histograms:  
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- LEPSEG for image segmentation,  

- LEPINV for image retrieval.  

While LEPSEG is sensitive to variations in rotation and scale, the LEPINV is 

invariant to variations in rotation and scale. It is worth to mention that their method 

performs well only on texture based retrieval. The experiments were performed on 

images that had been subjected to translation, rotation and/or scaling.  

5.5 Distance Measures 

Distance measures can be considered as the basis of every CBIR system. The 

similarity of images are measured using distance measures / metrics. The distance 

measures that exist in the literature are various and sundry, so we mention some of 

the most widely used methods. 

5.5.1 Euclidean Distance 

Thanks to its simplicity, among all the image metrics, Euclidean distance is the most 

commonly used. 

Given two M by N images, 1 2( , ,..., )MNI i i i  and 1 2( , ,..., )MNJ j j j , the Euclidean 

distance is computed by the following equation: 

(5-4)  
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where ik  and jk are the points belonging to each image. 

5.5.2 Mahalanobis Distance 

The Mahalanobis distance, also known as quadratic distance, is one of the most 

effective distance measures because it takes into account the correlation in original 

data. 

It is worth mentioning that the main drawback of Mahalanobis distance is that the 

computation time is large and limited samples cause poor results. 
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Given two M by N images, 1 2( , ,..., )MNI i i i  and 1 2(j , j ,..., j )MNJ  , the Mahalanobis 

distance is computed by the following equation: 

(5-5)  2 1( , ) ( ) ( )T

M I J I Jd I J          

where µI and µJ are first color moment at pixel I and J and 1  is the covariance matrix 

of the respective mean values. 

5.5.3 Jaccard Distance 

The Jaccard distance measures the asymmetric information on binary variables and 

the compares the vectors components. Due to its low computational complexity, 

Jaccard distance is a popular method in shape recognition.  However, despite its 

strength that has made it popular, Jaccard distance is sensitive to image 

transformations. 
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6.1 Related Works 

The majority of recommender systems research papers are limited to movie, 

shopping, document, book, TV program, music, and suchlike fields [86]. 

Putting together the concepts of knowledge discovery and the collaborative filtering, 

Carrer-Neto et al. conducted a study [87] which presents a hybrid system that allows 

the suggestions to be made based on the semantic linkage between the contents and 

the users’ preferences, as well as inheriting recommendations from the users’ social 

network.  

In order to capture implicit preference information, Lee et al. [88] have proposed a 

new CF-based recommendation methodology for mobile Web music, called 

CoFoSIM. The main characteristics of CoFoSIM are:  

- Capturing the users’ preference information by using a mobile Web usage 

mining technique called mWUM. This technique applies data mining methods 

on the mobile Web log data in order to discover the customer behavior 

patterns.  

- Representing customer preference on an ordinal scale to decrease the 

estimation error. 

- Applying a well-known consensus model called the CK method to enhance 

the quality of recommendations. Experiments with real mobile Web 

customers prove the superior performance of CoFoSIM compared to the 

existing CF algorithms in the mobile Web environment. 

Yu et al. [89] have proposed a method to merge users’ profiles in order to provide 

recommendations about TV programs. The rationale behind taking this approach has 

been the fact that people usually watch TV together. In order to provide program 

recommendation, this method merges all user profiles to construct a common user 

profile as its first step. Thereafter, a recommendation approach is used to generate a 
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common program recommendation list for the group according to the merged user 

profile. The evaluation results prove the effectiveness of their method when used to 

recommend TV programs to groups of people. 

Valdéz et al. [90] have conducted a research to define and capture some parameters 

which helped them to analytically find the correlation between the explicit and 

implicit feedbacks on recommender systems. They have provided a more advanced 

method for taking feedbacks from users of electronic books which captures their 

preferences implicitly instead of explicitly rating, which may hinder the user 

experience. 

Serrano-Guerrero et al. [91] have proposed a fuzzy linguistic recommender system 

as a tool for communicating researchers interested in common research lines, which 

is based on the Google Wave1 capabilities. The proposed system automatically 

suggests several researchers and useful resources for each wave. Their proposed 

recommender system utilizes information related to user preferences and resource 

description along with the wave description, which are provided by the systems users 

and the administrators of the waves. 

Zaiane [92] has suggested a recommender system for e-learning purposes. The author 

has used data mining techniques in order to build a software agent which is able to 

recommend on-line learning activities or shortcuts in a course website based on the 

learners’ access history. The aim of the system is to improve users’ experience 

through providing them the ability to better navigate the on-line materials by finding 

the relevant resources faster, and assisting the online learning process.  

Castro et al. [93] have proposed a fuzzy logic based recommender system which 

provides the users with knowledge about the existing relationships among the 

                                                 

https://wave.google.com 
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attributes that describe a given product category. Their system is applicable to B2C1 

portals. They have developed a prototype of a B2C e-commerce portal to demonstrate 

the benefits of their proposed system. It is worth to mention that their system is based 

on multi-agent systems foundation whose specifications are defined by the FIPA2 

committee. 

We have mentioned some recommender systems used in various fields, but one thing 

that all of these systems have in common is that they do not take images into account. 

As we mentioned, images are not trivial and play a significant role in the process of 

decision making in many scenarios. In order to overcome this shortcoming we have 

conducted the current study. 

6.2 Proposed Method 

As implied from the previous section, images, despite their undeniable effect on 

users’ decisions and desirability and acceptability of a computer system which works 

on data that has at least a visual part, have not taken enough attention from the 

researchers who work on recommender systems. Suppose you search for a car and 

everything except the shape of the cars participate in the ranking of items. To address 

this issue, we have proposed a method to take the image part of each item’s 

information into account in order to propose the most desirable items to users. It is 

worth mentioning that not only we have introduced such a parameter in our rankings, 

but also we have tried to use as much information to give offers as possible.  

A general view of the proposed system is depicted in Figure 6-1. 

                                                 

1 Business-to-Consumer 

2 Foundation for Intelligent Physical Agents  
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As the depicted in the above figure, one of the main parts of the system is storage 

part. The storage part is constituted from some distributed databases that contain 

three main entities of the system: 

- Users (stored in UDB); 

- Items (stored in IDB); 

IDB 

RDB 

UDB 

Old 

users 

Old 

items 

Recommender System  

New 

user 

New 

item 

Recommendations 

Figure 6-1The general architecture of the system. 
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- Users’ ratings (stored in RDB). 

When a new item is added up to the system, it will be stored in the proper part of 

IDB. As it can be alluded from the term ‘proper’, there is a mechanism for storing 

each item into the databases. In our proposed approach each item should be stored in 

a database which contains the items having most similarity to the new item. 

When a new user arrives into the system, along with adding her to the proper part of 

the UDB, the system should compute the best recommendations for the user, i.e. the 

items which receive the highest ratings from the recommender system. The users’ 

future rating will be added to the RDB. Again, the most similar users are stored in 

the same parts of the distributed database. 

In order to store the image parts of the items in the proper databases we have used 

the distributed Kd-Tree implemented by MapReduce architecture [114]. We have 

briefly discussed the Kd-Tree and MapReduce in Appendix A and B respectively. It 

should be noted that the IDB consists of two type of databases: 

- Image databases (IMDB) 

- Text-based databases (TDB) 

IMDB contains the image part of each item, while the TDB contains the other 

features of an item. For example, when the items are flowers the IMDB will contain 

the picture of each flower, while the TDB may contain some information about that 

flower. Therefore, IMDB has a Kd-Tree structure, and TDB has its own structure. 

We have proposed an approach to store the non-image part each item that we call 

descriptive attributes. Text-based parts are stored in tree structure where each node 

corresponds to one of the feature vector of the items. Given an item

1 2{ , , ,..., }DI IMG a a a , where IMG denotes the image that belong to the item, and ia  

denotes the ith
 descriptive attribute, each node of the tree corresponds to one of the 

attributes from 1a  to Da . In other terms, each node is split based on an attribute. The 

order of attributes in the tree is determined based on the degree of separation made  
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by that attribute. Indeed, if an attribute separates the data into more equal categories 

it will be located closer to the root. Therefore, the root of the tree splits the whole 

data more equally compared to any other node. 

Our proposed method, which falls into the hybrid recommender systems category is 

comprised of a CF component and a CBF component, which are modified properly 

to work with items that have an image part. This modification is made in the 

definition of the similarity metric used for item-item comparisons. We define the 

similarity of two items
1i , 

2i  using the following formula [126]: 

(6-1)  
1 2 1 2 1 2(i , i ) . (i , i ) . (i , i )Sim grSim trSim    

where grSim(.) refers to a function which measures the similarity of two items based 

on their graphical feature, which is the only picture of the item in our case, trSim(.) 

refers to a function which measures the similarity of two items based on their text-

based features, and α and β are two weighting parameters chosen from the interval 

[0,1]. We have assumed that each item has a graphical feature set (images) and a 

text-based feature set (categorical, Boolean, numerical, etc.). It is worth to mention 

that we have assumed that each item has only one image. 

While the values of α and β can be found by trial and error, in our proposed method, 

the near-optimal values for these parameters are found through optimization using 

Genetic Algorithm (GA) [117]. In our proposed method, each chromosome is 

comprised of two floating point gens, as illustrated in Figure 6-2. 

 

Figure 6-2 A sample chromosome with arbitrary values for α and β. 
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The fitness function of each chromosome is calculated through a slightly complicated 

process. First a random set Ueval of users are selected from the user dataset by uniform 

probability. A subset Ieval of items are selected from the items, as well. For each user 

Ui the rate of each item Ij is calculated by CF component RCF and CBF component 

RCBF separately. Then the average of RCF and RCBF is considered as the temporary 

result of the system RTMP. This temporary result is compared to the rating Rreal of that 

item given by the user Ui. The fitness function is calculated through the following 

formula: 

2

( , )

( ) (R R )
eval eval

real TMP

u i U I

fitness C
 

 
 

It should be notified that the chromosome determines the weight of qualitative and 

quantitative features in measuring the similarity of two items. So the better these 

weights are set, the lower is the error in estimation and fitness value will be smaller, 

as we try to minimize the fitness function. 

In order to find the text-based similarity of two items, first we categorize numerical 

features; then simple matching coefficient (SMC) in order to measure the similarity 

of two items: 

(6-2)  1 2

1 2

Number of matching attributes beween and 
( , )

Number of textural attributes

i i
SMC i i   

Let X and Y denote the intensity values of two M × N images. In order to find the 

graphical similarity of images, we have used the method introduced in [115] called 

IMNCC1 : 

                                                 

1 IMage Normalized Cross-Correlation 
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(6-3)  
1 1

1 1 1 1

( ,Y)

MN MN

ij i j

i j

MN MN MN MN

ij i j ij i j

i j i j

g x y

IMNCC X

g x x g y y

 

   





 

 

where gij is defined the same way used in IMED1 [115]: 

(6-4)  

2

2 2

(P , P )1
exp( )

2 2

i j

ij

dist
g

 


  

where dist(Pi, Pj) denotes the spatial distance between the pixels i and j. 

The algorithm that computes this similarity measure using MapReduce is illustrated 

in Figure 6-3. 

Parallel version of IMNCC 

 

- Map(ID, Vector row): 

for each pixel in in the row : 

EmitIntermediate ( ij i jg x y , ij i jg x x , and ij i jg y y ). 

- Reduce(ID, Iterator values): 

Term1 = Term2 = Term3 = 0; 

for each value (a,b,c) in values: 

 Term1 += a; 

 Term2 += b; 

 Term3 += c; 

Emit (a/sqrt(b.c)) 

Figure 6-3 The parallelized version of the IMNCC method using MapReduce. 

                                                 

1 IMage Euclidean Distance 
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As we mentioned previously, the proposed system uses a combination of the CBF 

and the CF methods. The role of the CBF component is to record the users’ 

preferences. This component maintains a profile for each user which is built to 

indicate the type of item this user likes. In other words, this component tries to 

recommend items that are similar to those that a user liked in the past. The CF 

component is used to predict what users will like based on their similarity to other 

users. As mentioned in the previous chapters the combination of the components can 

be carried out in many ways from which we have used the weighted approach, i.e. 

the score of these components are combined numerically. Considering the fact that 

the main motivation of conducting this study has been to consider the images in the 

processes of generating the recommendations along with the text-based features this 

combination is carried out without any complication. In fact, the average of the scores 

provided by each component is considered as the ultimate score for each item which 

represents the desirability of the item from the active user’s point of view. 

In other words, the process of producing the recommendations is composed of the 

following steps: 

Finding neighbor: the most similar users to the active user form a proximity-based 

neighborhood with him. Therefore, for each user 
au  a group of users 

1{ ,..., | U}
a au N iN u u u   are selected so that each user 

iu has the maximum similarity 

to 
au compared to every other user from the set 

auU N . In our notations, 
a

N denotes 

the number of neighbors the user 
au . In our settings this number is equal for all the 

users. It is worth to mention that finding the optimal 
a

N is another issue that is not 

addressed in this study, and we have simply set it to 10. 

Producing Social Recommendation: we have proposed a very fast method for this 

step which is as follows. First, for each user 
ju the item best

ji received the most score 

from that user, which is recorded in his profile, is put into a list 1{ ,..., }
a

best best

S NR i i . N 
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items that occur most often in 
SR are selected and inserted to a list of tuples. The first 

entry of each tuple is one of the selected items and the second entry corresponds to 

its score. The score of each item is equal to the average of its score among the all of 

its occurrences in the list
SR . 

Producing Profile-based Recommendation: This is step is quite straight forward. M 

items having received the most scores from the active user are selected into a list
PR

. This list contains the items and their corresponding scores the same way discussed 

for the list
SR . 

Producing the Final Recommendation: In this step the results of the two categories 

of recommendation, i.e.,
SR and

PR are merged into a final list R which contains K 

items that have the most scores. The items can be selected from each list. In the case 

that an item is present in both of the lists, its score is considered to be the average of 

the corresponding scores on either of the lists. 

Clearly, K must be less thanM N , however, either of M and N can be greater than 

the other one. Indeed we can adjust the effect of each approach on the final 

recommendation using the amount of these parameters. In our experiments M and N 

are both set to 2 K . 

6.3 Experimental results 

In order to evaluate the proposed method we have conducted a comprehensive set of 

experiments.  

A considerable issue in the area which we have put our focus in this research is the 

lack of a sensible general purpose dataset. Consequently, we decided to generate our 

dataset which contains all the information required for both running the system and 

evaluating it. In this regard, we gathered information of 10000 houses from some 

local real estate agents and online real estate websites and asked 250 different people 

to give 500 items a rank from 1 to 5 based on the pictures and other features of the 
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house with overlaps in items they have ranked. The education level, occupation and 

gender of the evaluators were intentionally quite different, to reflect a more realistic 

evaluation. 

The proposed method was implemented on 4 machines running Hadoop on them. 

Each machine has 4GB RAM DDR 2, an Intel Core 2 due CPU and 500GB HDD. 

The text-based features of the items of the data set used in our experiments are 

illustrated in Table 6-1. 

Table 6-1 text-based features of items. 

Feature Type Details 

Area Integer (quantized) Square meters 

Bedrooms Integer - 

Type Categorical House, Apartment, Office, 

Villa 

Price Integer Currency (IRT) 

Loan Integer Currency 

City Categorical 41 cities 

Suburb Categorical 659 suburbs 

Furthermore, we recorded some key characteristics of each person who participated 

in the evaluation process. These characteristics are presented in Table 6-2. 
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Table 6-2 Characteristics of each user. 

Feature Type Details 

ID Numerical Discrete 

Gender Boolean 2 genders 

Age Integer (quantized) 5 categories 

Occupation Categorical 13 categories 

Education level Categorical 5 categories 

Family Size Numerical - 

IsHeadofFamily Boolean - 

In order to provide a better understanding of the items used our experiments, an item 

from this data set is depicted in Figure 6-4. 

 

Figure 6-4 An item from the data set use in the experiments. 
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In order to evaluate the accuracy of the proposed method we have used the Root 

Mean Square Error (RMSE) metric. A subset of items was represented to a set of 

new users and their ratings were recorded. It is worth mentioning that some users had 

already have rated the items, but in cases that the item was new to the users, they 

were asked to rate it. This process repeated exactly using the proposed method and 

the ratings were recorded, with the exception that each item’s rating was calculated 

anew by the recommender system even if the user’s rating was available in the 

dataset. Then RMSE was calculated using the formula (6-5). 

(6-5)  
2

, ,

( , ) U I

1
ˆ( )

| U I |
test test

u i u i

u itest test

RMSE r r
 

 


  

We used NRMSE metric to evaluate the precision of our proposed method in 

combining image part of item with its other features when used by a recommender 

system. The NRMSE is simply RMSE normalized by the range of the ratings, i.e. 

rmax-rmin. Lower NRMSE corresponds to more accurate recommender systems. In the 

above formula, ru,i denotes the rating given to the item i by user u and 
,û ir  denotes the 

rating predicted by the system for user u and item i. 

(6-6)  

max min

RMSE
NRMSE

r r



 

In the following picture Graphical is same as our proposed approach without 

considering the text-based features, and Text-based is same as our approach without 

considering the image of an item. 
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Figure 6-5 NRMSE metric measured for different approaches. 

As we mentioned before, traditional recommender systems either do not consider the 

images that belong to items at all, or consider them implicitly through the users’ 

ratings. So far, the results have shown the significant improvements due to 

introducing images into recommender systems, which proves that considering 

images explicitly in these systems is quite promising. The plot depicted in Figure 6-6 

proves that it is possible and practical. 

 

Figure 6-6 The overhead due to measuring the graphical similarity, i.e., considering the images explicitly. 
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Indeed, the results show that using the distributed parallel approach that we have 

proposed for comparing the images of items still the system is fully practical, and the 

overhead has never exceeded 140 percent.  

In order to show the effectiveness of our distributed similarity computation approach, 

we have implemented the whole system again, and the only difference is that the 

search method that used to retrieve the similar images is exhaustive search. The 

results are depicted in the following figure. 

 

Figure 6-7 Comparison of query time between proposed method and exhaustive search -based method for 

different number of items. 

This plot shows that the distribution of similarity measurement process that is 

proposed in this dissertation has a considerably positive effect on the processing time 

of each query. It should be noted that in the Exhaustive approach we did not use the 

Kd-Tree structure as well.  
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7.1  First Proposed Image Retrieval Method 

According to the fact that our ultimate goal is to use the image retrieval method in a 

system dealing with humans, not machines, we proposed a method for the retrieval 

of images which is developed based on human visual system. The proposed method, 

first decomposes each image into different frequency bands, each of which represents 

different details of the image. In order to compare two images, the features of the 

corresponding sub-bands are used. To this aim, complex wavelet transform has been 

used, which like Gabor filters covers almost the entire frequency space, and have a 

high computational speed. In addition, the HSV color space is quantized so that 

matches the human visual system to high extent. Our proposed method was applied 

on a dataset including about 3000 images and the results compared to those of Color 

Correlogram method, which proved the superiority of the proposed method. 

7.1.1 The Proposed Method 

In content based image retrieval, some features of images, such as color, texture and 

shape are extracted and used to index the images. Swain and Ballard introduced the 

color histogram method in 1991 [91]. This method counts the number of pixels which 

have colors that belong to each of a fixed list of colors that are made through 

quantization of the colors. An important advantage of histograms is that they are 

invariant to rotation and translation around an axis perpendicular to the image, and 

vary only slowly with the angle of view. Therefore a three dimensional item can be 

retrieved easily despite a small change in the angle of view. Nevertheless, the 

disadvantage of this technique is that images with completely different shapes may 

have similar color histograms, which may occur more frequently as the number of 

images in the dataset increases. 

In order to overcome the problems of the color histogram, the color coherence vector 

(CCV) method was proposed [92]. This method adds some extra information to the 

typical histogram, which correspond to the spatial positions of the pixels. According 
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to this approach, the pixels which belong to each bin are classified based on their 

local features either as coherent or incoherent and the number of pixels which belong 

to each category are stored. Coherent pixels are part of a big connected component, 

whereas incoherent pixels are part of a small connected component. Despite the 

superiority of the CCV method over the color histogram, it still has a major 

disadvantage that is the extraction of feature vectors takes too long. 

In a study conducted by Huang et al. [93] color correlogram has been used to 

characterize each image. The rationale behind using color correlogram has been to 

consider the spatial relations of pixels and to overcome the shortcomings of the color 

histogram. This approach is based on the assumption that the spatial correlation of 

each pair of colors in different images are different. This approach has proved 

effective, however, it has the same prohibitive problem as what the CCV suffers 

from, i.e. suffering from a high computational complexity.  

The best metric to evaluate an image retrieval system is the evaluation of the system 

made by its users. Consequently, using the same methods as what humans use to find 

similar images should be effective in order to increase the acceptability of such 

systems [115]. There are different spatial frequency channels in human vision each 

of which function as a band-pass filter. Therefore, this vision system can be 

considered as a filter bank which is comprised of filters each of which receive and 

process a specific part of images. High details parts of an image and its edges 

correspond to high frequencies and parts of the image with smooth variations, which 

usually include the regions inside the objects or backgrounds, correspond to low 

frequencies. Therefore, parts of an image which have different frequencies may 

belong to the same object or to different objects. That being said, human visual 

system works like this: first, a frequency analysis is carried out on the image that is 

formed on the retina, which decomposes the image into different frequency layers. 

Thereafter, the equivalent parts of images are compared with each other which forms 

the basis for the general evaluation of the similarity of two images. 
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Our proposed method [127] is comprised of two main parts. The first part determines 

how the filter bank should be implemented and applied to decompose the input image 

into layers, and the second part proposes a method to extract features from each layer. 

The block diagram which illustrates how these layers are extracted has been depicted 

in Figure 7-1. 

 

Figure 7-1 The block diagram of the layer extraction system. 

With the extraction of these layers, each layer represents a different range of spatial 

frequency. The first layer determines the regions with low-frequency which 

correspond to backgrounds or the interior regions of objects, while the other 6 layers 

represent the regions which include more details in. If the variation range of the value 

of the pixels after the application of wavelet transform filters are set to be in the 

interval [0,1], all the threshold can be set to 0.5. For the first layer, the pixels whose 

value is lower than 0.5 and for the rest of the layers the pixels whose value is higher 

than 0.5 are taken into account and the other pixels are neglected. Moreover, in order 

to decrease the length of the feature vector, which results in a lower computation 

complexity, we can use only 3 high-pass filters out of the 6 high-pass filters 

mentioned before. In this case, only the first, third, and fifth filters are uses. 
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Thereafter, color features of each layer are extracted using ordinary color histogram 

method. At this stage the RGB color space is converted to HSV color space, because 

it complies better with human perception of colors. Then, this space is quantized into 

166 distinct values. This quantization is based on [125] according to which 18 

distinct values for H, 3 distinct values for both S and V and 4 distinct values for gray 

level are used. The reason why we have quantized the color space as described is that 

it is proved that this approach is quite similar to the human visual system perception 

of colors. Therefore, 7 histograms are created for the 7 layers as mentioned 

previously. Furthermore, the reason why complex wavelet transform is used is that 

they are very effective in extraction of texture features from images, which can be 

witnessed in Gabor filters [116], and at a higher speed compared to Gabor filters. 

In the proposed method, the complex wavelet transform is applied to the image up to 

4 levels. In addition, the values of mean, standard deviation, and kurtosis are 

calculated for the sub-images resulting from each of the 6 high-pass filters. 

Therefore, a vector composed of 72 entries is achieved for each image which is added 

to the color feature of layers which mentioned previously. 

7.1.2 Experimental Results 

In order to evaluate the proposed method, it has been implemented using Matlab 

running on a PC with an Intel CORE 2 Due 2.20 GHz processor and 4GB of RAM, 

on which the extraction of features from an image takes about 2 seconds. A collection 

including 3000 images borrowed from Hamshahri dataset was used in our 

experiments. The main reason for using this dataset was the fact that this dataset is 

extracted from an online news website so the images have come with very precise 

details about the category or categories the image belong to and each image is 

supported with a list of keywords which describe its contents. This gave us the ability 

to precisely verify the effectiveness of the proposed method. Although the 

Hamshahri dataset includes 36 main categories with many more sub-categories, we 
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used 5 main categories in our evaluations including sports, buildings, animals, 

weather forecast, and accidents.  

 

Figure 7-2. A number of pictures selected from the dataset used to evaluate the proposed method. 

A number of pictures which belong to this dataset have been illustrated in Figure 7-2.  

Two common metrics, namely precision, and recall have been used to evaluate the 

proposed method. These metrics have used in various applications and their 

definitions have been adapted to make them suit the application properly. We have 

used the definitions given in [118]:  

(7-1)  
Number of retrieved and relevant elements in the first j positions

j
jP    

(7-2)  
Number of retrieved and relevant elements in the first j positions

Total number of relevant elements in the collection
jR    

We have used the aforementioned tags provided for each image in order to verify 

whether the image is relevant to the query or not. 
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According to the equations (7-1) and (7-2), Pj shows an almost decreasing behavior 

when j increases while the opposite is true for Rj. As we mentioned before, color 

correlogram is one of the best methods in CBIR, so we have compared our proposed 

method with this method. The results have been shown in Table 7-1. 

Table 7-1The results of experiments conducted using the proposed method (Pr) and the color correlogram 

(CC) method. 

Category P5 P10 P15 P20 R5 R10 R15 R20 Method 

Sports 1 1 1 0.94 0.22 0.47 0.79 0.8 Pr 

1 0.94 0.81 0.84 0.17 0.39 0.71 0.78 CC 

Buildings 1 1 1 1 0.14 0.33 0.59 0.63 Pr 

0.89 0.74 0.86 0.86 0.12 0.28 0.45 0.57 CC 

Animals 1 0.99 0.99 0.98 0.1 0.21 0.31 0.46 Pr 

1 0.96 0.83 0.76 0.09 0.21 0.25 0.9 CC 

Weather 

Forecast 

1 0.99 0.99 0.87 0.14 0.22 0.32 0.37 Pr 

0.96 0.92 0.85 0.86 0.15 0.19 0.28 0.31 CC 

Accidents 0.98 0.98 0.98 0.98 0.04 0.09 0.21 0.29 Pr 

0.81 0.82 0.89 0.85 0.03 0.06 0.11 0.14 CC 

As it is implied from the above table the proposed method shows a consistent 

superiority over the color correlogram method which is a competent method in the 

domain of CBIR. 

7.2 The Second Proposed Image Retrieval Method 

Firstly, we should mention that in the proposed system, some general low-level 

features are extracted from the images contained in the database of images. The 

database is represented by 1 2{ , ,..., }NX X X X  where, iX  refers to the ith image. For 
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every image 
iX  there is a feature vector 

iF . Therefore, the image database contains 

a database of feature vectors 
1 2{F ,F ,...,F }NF   corresponding to X . We extracted 

four types of low-level visual features, three of which are color features and one of 

them is a texture feature. 

7.2.1 Features 

7.2.1.1 Color Moments 

The mean, variance and skewness of an image which are known as the color moments 

(respectively, known as the first, second, and third color moments) characterize the 

color distribution in an image. 

The first moment can be calculated by using the following formula: 

(7-3)  1

1

N

i ijN

j

p


     

where N is the number of pixels in the image and 
ijp  denotes the value of the jth pixel 

of the image at the ith color channel. 

The second color moment can be calculated by using the following formula: 

(7-4)  
21

1

( (p ) )
N

i ij iN

j

 


     

The third color moment can be calculated by using the following formula: 

(7-5)  
31

3

1

( (p ) )
N

i ij iN

j

 


    

7.2.1.2 Color Histogram 

A color histogram denotes a representation of the statistical distribution of the colors 

in an image, and disregards the spatial location of the colors. Each bin of the 

histogram corresponds to a color in the quantized color space. The number of the 

bins is specified by the number of colors in the image.  
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The color histogram can be measured for any kind of color space. The number of 

elements in a histogram is specified by the number of bits in each pixel of the image. 

Indeed, an n-bit image has 2n
values (or intensities) lying in the interval[0,2 1]n  . 

Although the color histogram is relatively invariant under the translation and rotation 

about the viewing axis and varies just slightly with the angle of the view, it is 

significantly affected by the changes in the illumination, shading, highlights, and the 

inter reflections. To overcome these drawbacks, Gevers et al. [110] proposed a robust 

histogram for object recognition that is invariant to the aforementioned changes. 

Domke and Aloimonos [110] proposed a method to create a color histogram which 

makes the histogram invariant under any mapping of the surface that is locally affine, 

which includes a very wide range of the viewpoint changes or deformations. The 

main idea is that the pixels in the two images can be weighted using the gradients in 

different color channels. Therefore, a deformation of a region of the image will 

change both the image and the weights equally. We have used the method proposed 

in [118] in this study. 

7.2.1.3 Edge histogram 

Edges are among the important features of images. In the MPEG-7 standard the edge 

histogram is used in order to capture the edge distribution of the image. However, its 

drawback is that it contains only the local edge distribution with 80 bins. In this 

paper, we have used the method proposed in [119], which generates two other types 

of the edge histograms: the global, and semi-global histogram bins. 

7.2.1.4 Gabor features 

The texture features of each image are captured using the Gabor filter. The Gabor 

filter provides optimal joint resolution in both frequency and spatial domains [120]. 

We have used 30 filters with five different scales and six different orientations [121]. 

We first create a grayscale equivalent for each image and normalize it so as to have 

dimensions of 256×256 to speed up the computation using the Fast Fourier transform 
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(FFT) method. After filtering the images, their means and standard deviations are 

computed which provide 60 features for each image. 

7.2.2 Weight adjustment 

In this proposed method, the query vector is broken into several multi-query vectors 

in regard to every feature space to perform the short-term learning. Initially, the user 

feeds the system with a query image Q, then, the features of the query image are 

extracted- these features are illustrated in the following section. The extracted feature 

vector is then used by the similarity function to retrieve P relevant images from the 

stored images. The images are then partitioned into two categories by the user: the 

relevant images, and the irrelevant images. At the next stage, the multi-query 

approach is used. This is done by clustering the images that are categorized as 

relevant, and using each cluster centre as a new query. Subsequently, the minimum 

distance of each image from the cluster centres is considered as its similarity to the 

query.  We have used the WPGMC1 algorithm to perform the clustering.  

In order to combine the results of the retrieval based on each feature i, the ranking of 

each image in the database is computed when images are retrieved based solely on 

that feature. This ranking is then used to adjust the weight of each feature. Suppose 

we have N images in the database, and we offer the user only the M first retrieved 

images. First, the rankings of each of these M images are added together. Then 

according to the difference between the summation achieve at the stage t and the 

stage t+1 the new weights are computed. It should be noted that initially the weight 

of all the features are equal. In order to shed more light on this process, we bring an 

example. Suppose the database contains 8 images, i.e., {A,B,C,D,E,F,G,H} , and the 

system shows the user the first 4 images, i.e., 1 2 3 4{ , , , }I I I I
. Furthermore, suppose we 

                                                 

1 Weighted Pair Group Method Centroid 
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use three features 1 2 3, ,f f f . Also, the first four features retrieved at the stage t are A, 

B, C, and D, and the first four features retrieved at the stage t+1 are E, F, G, and H. 

The orders of the images retrieved using each feature separately at the stages t and 

t+1 are represented in Table 7-2 and Table 7-3 respectively. 

 

 

 

 

Considering Table 7-2 and Table 7-3, and the aforementioned assumptions, we can 

deduce the results shown in Tale 7-4. 

 

 

 

 

 

 

 

Table 7-2 The orders of the images retrieved 

using each feature separately at the stage t. 

Table 7-3 The orders of the images retrieved 

using each feature separately at the stage t+1. 
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Table 7-4 The rankings of the first 4 images according to each feature. 

Stage  Image The ranking based on 

each feature 

1f  2f  3f  

 

 

 

t  

1I  
A 7 1 8 

2I  
B 5 3 6 

3I  
C 1 5 5 

4I  
D 6 6 2 

The feature-wise sum of the 

rankings 

 19 15 21 

The normalized feature-

wise sum of the rankings 

 19/55 15/55 21/55 

 

 

 

1t   

1I  
E 7 7 3 

2I  
F 6 4 6 

3I  
G 5 6 1 

4I  
H 3 8 2 

The feature-wise sum of the 

rankings 

 21 25 12 

The normalized feature-

wise sum of the rankings 

 21/58 25/58 12/58 

It is worth mentioning that we call the sum of feature-wise ranking of the selected 

images the feature-wise sum of the rankings. The normalized feature-wise sum of the 

rankings for each feature is computed by dividing the feature-wise sum of the 

rankings for that feature by the summation of the feature-wise sum of the rankings. 

As implied from Table 7-4, the normalized total ranking of the first 4 images 

considering only feature 1f  has decayed from 0.34 to 0.36 so its corresponding 

weight should decrease accordingly. On the other hand, the normalized total ranking 

of the first 4 images considering only feature 3f  has improved from 0.38 to 0.2, 
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therefore, its corresponding weight should increase accordingly. It is clear from this 

example that the values of the feature-based normalized rankings always sum up to 

1. This is exactly the case for the weights of each feature in the similarity function. 

Therefore, considering the sign of the changes in these values, the total changes will 

always be equal to 0. Consequently, the difference between the normalized feature-

wise sum of rankings of that feature at the stages t and t+1 is added the weight of 

each feature. That is, the weight of the feature if
 at the stage t+1 is computed using 

the following formula: 

(7-6)  
1 1

1 1

( )
M M

t t t t

i i ij ij

j j

w w r r 

 

      

where 
t

ijr  is the ranking of the jth relevant image when it is retrieved using only the 

ith feature, and M  is the number of the images that are given to the user. It should be 

reminded that the relevance of the images is determined by the user. 

7.2.3 Experiments and Results 

In order to evaluate the proposed method, it has been implemented using Matlab 

running on a PC with an Intel CORE 2 Due 2.20 GHz processor and 4GBs of RAM. 

A collection composed of 20000 JPEG formatted images borrowed from the 

Hamshahri2 dataset was used in our experiments [122]. Furthermore, 50 query 

images chosen from 50 different semantic groups were examined in the experiments. 

Each of these 50 images was used in a scenario wherein the image was given to the 

user as the query image, then the system offered the user a predefined number of 

images as the relevant images. Thereafter, the user was asked to provide a feedback 

and to decide which images were relevant and which ones were not. We have 

compared our proposed method with the following methods: 

- CC: The Classifier Combination, which is based on the multi-query approach.  
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- RR: This method uses the Rocchio’s method [97] for the query vector 

refinement and uses the Rui’s method [123] for the distance function 

refinement; 

- RGG: This method uses the Rocchio’s method [97] for the query vector 

refinement and uses the method proposed by Guldogan & Gabouj [124] for 

the distance function refinement. 

The precision of the proposed method is compared to the precisions of the other 

methods and the results are depicted in Figure 7-3. It is worth mentioning that the 

results achieved at each iteration are averaged over all the categories. The following 

equation is used to compute the precision of each method: 

(7-7)   
The number of the relevant images in the first j positions of the retrieved images

Precision =
j

 

 

Figure 7-3 The average precision graph depicted for the top 20 retrieved images. 

The average time for the retrieval of images by means of each method is shown in 

Figure 7-4 
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Figure 7-4 The average time taken for the retrieval of images by different methods. 

It can be alluded from the above results that the proposed method not only produces 

more accurate results, but also achieves the results in a reasonable time. 

Furthermore, the precisions of each method for some randomly selected semantic 

groups are shown in Table 7-5. The best result is shown by bold face for each case. 

Table 7-5 Comparison of the precision of the proposed method with other methods for the top 20 retrieved 

images. 

Semantic 

group 

CC RR RGG proposed 

Sports 0.8185 0.5643 0.5912 0.9261 

Buildings 0.7203 0.6485 0.7943 0.8527 

Animals 0.9918 0.9561 0.8924 0.9840 

Weather 

Forecast 

0.5470 0.7511 0.7519 0.7455 

Accidents 0.4149 0.2206 0.2418 0.5613 

Cars 0.8651 0.8769 0.8133 0.8774 

According to Table the proposed method outperforms the other well-known methods 

in most cases.  
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7.3 Utilization of the Image retrieval (IR) Methods 

Besides the advantages in using the proposed methods solely in the image retrieval 

domain, they can be utilized to improve the proposed method illustrated in the 

previous chapter. In this section the application of these methods in our novel method 

introduced and discussed in the previous chapter is presented. Indeed, we avoid 

repeating the materials and just focus on the experiments carried out with and without 

the methods proposed in this chapter. The settings and the results of the experiments 

are presented after the illustration of the mechanism required to adopt each of the 

information retrieval methods so as to be used in the proposed recommender system. 

There are some commonalities between the mechanisms required to apply the image 

retrieval methods presented in this chapter into our recommender system. In fact the 

general framework to make this work is the same for both methods, however, due to 

the process of relevance feedback there are some steps that are specific to the second 

method. 

In the previous chapter we used the equation (6-1) in order to measure the similarity 

of the items, which was calculated in order to find the most similar items to some 

specific items which we call the proposal set 1{ ,..., }NR i i  . In order to use the 

proposed image retrieval methods, this scenario should be slightly changed. Indeed, 

the items having most similarity to the items of the proposal set regarding just the 

graphical features are retrieved using the IR method. In this step, the items are 

manipulated as they are just images and the text-based features are simply neglected. 

It should be mentioned that for each item ji , n items are retrieved. From the items 

retrieved according to the item ji , m items having the maximum similarity regarding 

just the text-based features are selected. In this approach the parameters n and m play 

almost the same role as the parameters   and   which mentioned in the equation 

(6-1). 
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In order to apply the second method to our recommender system, the items should 

be categorized into some semantic groups. To avoid the unintended bias and achieve 

the most realistic results, the users that participate in the process of providing the 

feedbacks should be distinct from the users of the recommender system.  

Some adjustments carried out to make an equal condition for all the experiments are 

as listed below: 

 All the implementations are carried out using the Matlab software running on 

a PC with an Intel CORE 2 Due 2.20 GHz processor and 4GBs of RAM. 

 We first create a grayscale equivalent for each image and normalize it so as 

to have the dimensions of 256×256. 

 None of the users participated in the RF process of the second proposed IR 

method have taken part in any process of the proposed recommender system. 

 A database containing 2300 houses from some local real estate agents and 

online real estate websites were used for the evaluations. In order to make sure 

the ratings reflect the view points of the users more realistically, the people 

participated in the process of rating the houses were real customers.  

 The database of users contains 178 users each of which have rated at least 8 

items and at most 58 items. The average number of ratings provided by each 

user is almost 21. 

 As we have not yet proposed the parallel version of the methods discussed in 

this chapter, despite the fact that some parts of each method can be simply 

performed in a parallel fashion, no parallelization is carried out on any of the 

methods which are mentioned in this section. 

 There are 5 semantic groups considered for the items which correspond to the 

different kinds of the properties existed in the data set of items. 
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In order to measure the effectiveness of the proposed methods presented in this 

chapter, the quality of the recommendations is measured in terms of NRMSE metric 

introduced in the previous chapter which was defined in equation (6-6).  

 

Figure 7-5 NRMSE metric measured for different approaches. 

In Figure 7-5, M1 and M2 denote utilization respectively the first IR method and 

the second IR method, while ch6 denotes the approach discussed in chapter 6. 

According to the results it is clear that using either of the methods illustrated in 

this chapter has a positive effect on the overall quality of the recommender 

system. 
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Chapter 8  

Conclusion and Future Works 
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8.1 Summary 

An everlasting goal of the computerized systems has been providing users with a 

more desirable experience using the system. This goal has driven many researches in 

a vast area of science. The user’s desirability has shown itself in many different forms 

in various fields, but one thing that remains unchanged is itself as the ultimate goal. 

For instance, machine learning methods along with speech processing methods help 

the experts to design answering machines which give people the illusion that the 

machine can really understand them so they feel more comfortable using the system. 

This makes a cycle which causes to further researches and the results of those 

researches in turn cause further improvements and increase the users’ expectations, 

as well. 

Recommender systems are among the most valuable components that can improve 

the user experience with a more general system considerably when embedded inside 

that system. Since the mid-nineties and slightly after that, when the term 

“recommender system” coined by Resnick and Varian, researchers have conducted 

huge studies on this topic and the methods and approaches they have found are 

various and sundry. 

A big part of data around us is in image format and people use these images in many 

of their decisions. The popularity of an item, in many cases, depends highly on its 

visual quality. For instance, the shape of a car has a significant influence on the 

attitude of potential customers toward it. Recommender systems try to provide 

people with recommendations resulted from an automatic process which is aimed at 

giving the users a better experience working with system, and perhaps improve the 

system owner’s sales. As images are quite important in users’ decisions, in this 

research we have proposed a distributed method to take images into account when 

trying to give the user a recommendation, which despite its apparent advantages has 

not found a fair amount of attention so far. In order to improve the quality of the 
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results even further, two methods for image retrieval are proposed which help the 

recommender system to achieve items with more relevant images to what the active 

user expects. 

8.2 Suggestion and future works 

Our main focus in this study was on suggesting a new practical approach to improve 

the performance of recommender systems that work on the items containing images 

that describe them or have a considerable impact on the users’ attitude towards the 

items. We believe that this study can be a considered as the starting point a significant 

variety of researches in the future, from which we mention some: 

- Trying to improve the quality of the system using similarity measures that 

take the shapes into account; 

- Extending the proposed method to the case that items have more than one 

descriptive image attached to them; 

- Generating a data set which contains millions of items with images associated 

to them, along with the user’s rankings and testing the proposed method using 

this data set to achieve an even better evaluation. 

- Generating a data set containing items which belong to different semantic 

groups. 

- Trying to combine the proposed CBIR approach with supervised learning 

methods. Also, trying to use and evaluate other distance measures to compute 

the distance between the feature vectors. 

- Trying to propose the parallel version of the methods discussed in chapter 7. 
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Appendix A 

Kd-Tree 

 

Kd-Tree is a promising data-structure for finding nearest-neighbor queries for image 

descriptors is theKD-Tree [113]. Indeed, Kd-Tree is a form of balanced binary search 

tree. Typically, Kd-Tree stores elements that have many features and are represented 

by high-dimensional vectors. The height of a Kd-Tree corresponding to a data set 

with N elements is 2N. 

As implied by its name, Kd-Tree is a tree-shaped structure, where at each node is 

split based on the median in the dimension with the greatest variance in the data set.  

 At the root of the tree, the data is split into two halves by a hyperplane orthogonal 

to a chosen dimension at a threshold value. Each of the two halves of the data is then 

recursively split in the same way to create a fully balanced binary tree.  

Regularly, each leaf node of the Kd-Tree corresponds to a single data point, however, 

there are implementation where the leaf nodes may contain more than one data point.  

Given a query image, a descent down the Kd-Tree requires log 2N comparisons and 

leads to a single leaf node. By comparing the query vector with the partitioning value, 

it is easy to determine to which branch of the tree the query vector belongs.  

When the search reaches to the leaf nodes, the data point associated with this first 

leaf node is the first candidate for the nearest neighbor. 

 



 

 

 

Appendix B 

MapReduce 

 

MapReduce is a programming model and an associated implementation introduced 

by Google to support distributed processing of large data sets on large clusters of 

computers. This model should be fed with a set of input key/value pairs in order to 

produce a set of output key/value pairs. The user of this model has two main tasks, 

which are providing the following procedures, along with the configuration of the 

underlying machines:  

1)  Map: takes an input pair and produces a set of intermediate key/value pairs. 

The library collects together all intermediate pairs with the same key I and 

feeds these to the Reduce function.  

2)  Reduce: takes an intermediate key I and a set of values associated with it and 

“merges” these values together and creates zero or more output pairs. 


