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1 Introduction

An ewerlasting 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. 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 majority of recommender systems research papers are related to movie,
shopping, document, book, TV program, music, and suchlike [1]. Putting together
concepts of knowledge and collaborative filtering, Carrer-Neto et al. conducted a
study [2] which presents a hybrid system that allows suggestions to be made based
on the semantic linkage between contents and users’ preferences, as well as
inheriting recommendations from the users’ social network. In order to capture
implicit preference information, Lee et al. [3] have proposed a new CF-based
recommendation methodology for mobile Web music, called CoFoSIM. Yu et al.
[4] have proposed a method to merge users’ profile in order to provide
recommendations about TV programs. The rationale behind this decision has been
the fact that people usually watch TV together. Their strategy to achieve program
recommendation merges all user profiles to construct a common user profile as its
first step, and then uses a recommendation approach to generate a common
program recommendation list for the group according to the merged user profile.
Valdéz et al. [5] have conducted a research to define and capture some parameters
which helped them to analytically find correlations between explicit and implicit
feedback on recommender systems. They have provided a more advanced method

for taking feedback from users of electronic books which captures their preferences
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implicitly instead of explicitly rating which may hinder the users’ experience.
Serrano-Guerrero et al. [6] have proposed a fuzzy linguistic recommender system
as tool for communicating researchers interested in common research lines based
on the Google Wawe! capabilities which suggests automatically several researchers
and useful resources for each wave. Their proposed recommender system utilizes
information related to user preferences and resource description along with wave
description, which are provided by the systems users and the administrators of the
waves. Zaiane [7] 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 web
site based on learners’ access history. The aim of system is to improve users’
experience through providing them the ability to better navigate the on-line
materials by finding relevant resources faster and assisting the online learning
process. Castro et al. [8] have proposed a fuzzy logic based recommender system
which provides the users with knowledge about the existing relationships among
the attributes that describe a given product category. Their system is applicable to
Business-to-Consumer (B2C) portals. They have developed a prototype of a B2C e-

commerce portal to demonstrate the benefits of their proposed system.

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 parallel distributed method to take images into

account when trying to give the user a recommendation, which despite its apparent

https://wave.google.com



advantages has not found a fair amount of attention so far. The main reason that we
have proposed a distributed method that is implemented on a distributed
architecture is that the time complexity of measuring the similarity between images
compared to other operations of a recommender system are huge. Therefore, this is
an excellent use case of distributed and parallel processing. We have conducted
various experiments to prove the effectiveness of our proposed method. The results
of the experiments show that the proposed method will increase the performance of
the recommender system significantly, without a non-tolerable computational

overhead.

2 Proposed methods

2.1 Proposed CBIR method

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. 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.

One of the main parts of the system is storage part which is constituted from some
distributed databases that contain three main entities of the system; users (stored in
UDB), items (stored in IDB) and users’ ratings (stored in RDB). IMDB contains
the image part of each item, while the DDB contains the other features of an item.
Our proposed method, which falls into the hybrid recommender systems category.
The resulting system is comprises 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 itemsi,, i, using the following

formula [9]:
Sim(i,,i,) = a.grSim(i,, i,) + grSim(i, i,)

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 o and B 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.

In order to find the quantitative similarity of two items, first we categorize
numerical features; then simple matching coefficient (SMC) in order to measure the

similarity of two items:

Number of matching attributes beween i and i,
Number of textural attributes

SMC (i, i,) =

Let X and Y denote the intensity values of two M x N images. In order to find the
qualitative similarity of images, we have used the method introduced in [10] called

IMNCC! :

MN MN

2.2 9%,
IMNCC(X,Y) = =
MN MN MN MN
JZZgininZZQajyiyj
i=1 j=1 i=1 j=1
where gij is defined as in IMage Euclidean Distance (IMED) [10]:

1 —dist(P,, P;)?

9 270° P( 20° )

where dist(Pi, P;) denotes the spatial distance between the pixels i and j.

1 IMage Normalized Cross-Correlation



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.
Considering the lack of a sensible general purpose dataset, 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 arank from 1 to 5 based on the pictures and other features
of the house with owerlaps in items they have ranked. The education lewel,
occupation and gender of the evaluators were intentionally quite different, to reflect

a more realistic evaluation.

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 following formula.

1
RMSE = [—— Z (I,’\u,i _ ruj)z
| U, Itest |(”vi)EUMx|W

test

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.
max-Fmin. LOWer NRMSE corresponds to more accurate recommender systems. In

the above formula, rui denotes the rating given to the item i by user u and f,

denotes the rating predicted by the system for user u and item i.



RMSE

r —r

max min

NRMSE =

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.

NEMSE

Figure 2.1 NRMSE value for each method.

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 (Figure 2.1).
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Figure 2.2 The overhead due to measuring the qualitative 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 (Figure 2.2).

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 Figure 2.3.
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Figure 2.3 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.

2.2 Proposed image retrieval methods

2.2.1 The first proposed image retrieval method

Our proposed method [11] 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

7



each layer. The block diagram which illustrates how these layers are extracted has

been depicted in Figure 2.4.

—» Low-pass filter—» Threshold [—f»
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transform :
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— High-pass filter 6—— Threshold >

Figure 2.4 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 wawvelet 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.

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
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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 used 5 main categories in our evaluations including sports, buildings, animals,

weather forecast, and accidents.

Two common metrics, namely precision, and recall have been used to evaluate the

proposed method. We have used the definitions given in [12]:

_ Number of retrieved and relevant elements in the first j positions
]

P

]

_ Number of retrieved and relevant elements in the first j positions
Total number of relevant elements in the collection

R.

J

We hawve used the aforementioned tags provided for each image in order to erify
whether the image is relevant to the query or not. According to above equations, P;
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 2.1.

Table 2.1 The results of experiments conducted using the proposed method (Pr) and the color correlogram

(CC) method.

Category ‘ Ps ‘ P1o ‘ Pis P20 ‘ Rs ‘ R1o0 Ris 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 1 0.99 0.99 0.87 0.14 0.22 0.32 0.37 Pr
Forecast 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 abowe table the proposed method shows a consistent
superiority over the color correlogram method which is a competent method in the
domain of CBIR.

2.2.2 The second proposed image retrieval method

In this proposed method [13], 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 WPGMC! 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 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

! Weighted Pair Group Method Centroid
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RAM. A collection composed of 20000 JPEG formatted images borrowed from the
Hamshahri2 dataset was used in our experiments [14]. 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 CC!, RR? and RGG?
methods. The precision of the proposed method is compared to the precisions of the
other methods and the results are depicted in Figure 2.5. It is worth mentioning that
the results achieved at each iteration are averaged owver all the categories. The

following equation is used to compute the precision of each method:

The number of the relevant images in the first j positions of the retrieved images

Precision =
J

(=T =T =1
n W o~ m o

PRECISION

[ =T =T ~ R = T < T =

(=T SO S ]

—— CC
—=—RR

RGG
propoased

0 1

B oo~ m
]
4
]

WWoom mow

(=R =T =N~
A~

TERATIONS

Figure 2.5 The average precision graph depicted for the top 20 retrieved images.

1 Classifier Combination, which is based on the multi-query approach.

2 Uses the Rocchio’s method [15] for the query vectorrefinement and the Rui’s method [16] for the distance

function refinement.

8 Uses the Rocchio’s method [15] for the query vector refinement and the method proposed by Guldogan &

Gabouj [17] for the distance function refinement
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The average time for the retrieval of images by means of each method is shown in

Figure 2.6.

Time (sec)

PROPOSED RGG

Figure 2.6 The average time taken for the retrieval of images by different methods.

It can be alluded from the abowve 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 2.2. The best result is shown by bold face for each case
in which the proposed method outperforms the other well-known methods in most

cases.

Table 2.2 Comparison of the precision of the proposed method with other methods for the top 20 retrieved

images.

Semantic cC RR RGG

group

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 0.5470 | 0.7511 | 0.7519 0.7455

Forecast

Accidents 0.4149 | 0.2206 | 0.2418 0.5613

Cars 0.8651 | 0.8769 | 0.8133 0.8774

12



2.3 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 nowel
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,
howewer, 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 Error! Reference source not found.)
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
R ={i,,....T1y} . 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 ij , N

items are retrieved. From the items retrieved according to the itemi;, 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 5.
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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 awoid 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:

e 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.

e We first create a grayscale equivalent for each image and normalize it so as

to have the dimensions of 256x256.

e None of the users participated in the RF process of the second proposed IR

method have taken part inany process of the proposed recommender system.

e 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.

e The database of users contains 178 users each of which hawe rated at least 8
items and at most 58 items. The average number of ratings provided by each

user is almost 21.

e 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.

e 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.

14



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 chapter 6.

Figure 2.7 NRMSE metric measured for different approaches.

In Figur 2.7, 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 owerall quality of the recommender

system.

3 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:
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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.
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