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Over the last decade, there has been a huge increase in the number of images,
in which visual information has become increasingly important. If images are
to be utilized, they must be organized into databases, from which they can be
searched based on different criteria. Content-Based Image Retrieval (CBIR)
frameworks have become a mainstream subject of research due to their
ability to retrieve images based on actual visual content rather than manually
assigned textual descriptions. In the CBIR framework, the analysis and
interpretation of image information in large and diverse image databases are
evidently complex because there is no prior information about the size or
scale of individual structures within the images to be analyzed. In CBIR,
retrieval is based on visual image features, which can be extracted
automatically from images with the help of human intervention through a
technique known as relevance feedback. Nonetheless, efficient methods for
differentiating the visual content of images are complex to develop. Therefore,
rather than providing a perfect solution, CBIR systems must be able to exploit
partial solutions to the problem of image understanding. In this paper, an
implementation of a CBIR framework is introduced that not only attempts to
efficiently capture user intent based on feedback but also provides query
suggestions that help users formulate better queries to retrieve desired
results efficiently. The proposed technique is straightforward to implement
and scales efficiently to large datasets. Extensive experiments on diverse real-
world datasets using image similarity measures have revealed the superiority
of the proposed method over existing algorithms.

1. Introduction

Multimedia data in bulk amount is becoming available today, stirring to greater extent
aspects of human activity: from online stores, sellers and resellers of store photograph to
internet search engines and museums, TV channels storing their productions etc. There is an
expanding interest in routines and innovations for mining and arranging rapidly and
dependably these visual substances.
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The traditional method was to append labels or keywords to each item in the multimedia
databases and these annotations are used to perform searches to database. Manually
annotating an extensive number of images is a complex task not only in relation to time and
price but also related to quality of the annotations. There will be necessarily problems when
several annotators contribute to the same database, because of differences in interpretation,
stability of attention over time, errors caused by the repetitiveness of the task, etc.

Towards the close of the early part of 1980’s content-based image retrieval (CBIR) was
introduced to overcome the above shortcomings of the text-based retrieval. CBIR [1], aims at
looking for images based on the real content of the image which is often represented
features, color, texture and shape. Several systems have been proposed in recent years in the
context of CBIR for still images and video sequences. Query by Browsing and Retrieval (QBIR)
by [2,3] which allows the use of ‘target media’ both shots within videos, and images and query
images to be reach by ‘color, shape by texture and by sketch’. The other CBIR framework is
the Virage Image Search Engine [4] where the image features are utilized to describe the
database of images. These conventional approaches of CBIR are built on the computation of
similarity between the query image introduced by the user and the other images available on
the database using the Query by Example (QBE).

¢ The quality of the CBIR system can hardly be optimized within the frame of one query
process.

¢ The hidden problem is the extracted visual features are too diverse and cannot be used
to define the concept of the user’s query.

One solution for reducing this gap is to divide the search session while searching more
general image databases into several continuous retrieval rounds named as iterations and
then the user give input with respect to the consequences of each retrieval round that is by
marking images returned from the retrieval round as either relevant or irrelevant that is
named as Relevance Feedback (RF). The engine gradually learns from this feedback, ‘visual
features’ of the images the user is searching for in the present search period. CBIR framework
using RF for the most part comprises of four segments, in particular ‘user interface, offline
learning, data storage and online learning’.

The user interface, permitting to perform the initial query generally either through
sketching, ‘by typing keywords’ or ‘by providing an example image’. Furthermore, permits the
user to specify on returned images the relevance in the form of ‘relevant-neutral- irrelevant’.
In the ‘offline learning stage’ the extraction of image descriptors is carried out from all images
in the database. Users’ focus is towards ‘high level semantic concepts’ and not towards the
‘low level image features’ as accessible to the framework, it is extremely critical to select the
most helpful ‘image descriptors’, to narrow down semantic gap. The ‘data storage module’ is
in charge of loading and storing vital information and works as a virtual file system. It is key
to utilize suitable ‘multi-dimensional indexing’ strategies for a proficient pursuit in ‘multi-
dimensional feature space’, particularly considering that execution rapidly endures with
expand in dimensionality [5,6]. The ‘online learning module’ carry out the real ‘relevance
feedback’ with the collaboration of the user it learns about the ‘image features’ the user
considers ‘relevant’ and which not and then accordingly by how well they adjust to the
relevant features ranks the images.

In this paper, the idea proposed is a novel algorithm to Content Based Image Retrieval
with relevance feedback and Query Suggestion, in which the relevant and irrelevant images
that are marked by the user are taken as to find out the common images in the relevancy
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matrix. The common images relevancy value is incremented for those that are taken from
relevant images. Likewise, from non-relevant images considered common images their
relevancy values are decreased. Every unmarked image is finally ranked according to the
relevancy values sorted in descending order in which images incremented will be in the top
results unlike images which are decremented will be in lowest order. Lastly, the query
suggestion component is incorporated in which after the raw query is carried out and
obtained is the ranking array, and user is not satisfied with the relevance feedback results can
simply select the image from query suggested to the user for better results. After the
relevance feedback ranked results are shown then the relevant images and irrelevant images
are taken as suggestion candidates’ images. Lastly, these candidate queries are sorted in
relation to their difficulty scores and then the image having the lowest difficulty is suggested
to users. Our technique is straightforward to implement and scopes efficiently to huge
datasets. Extensive experiments on diverse real datasets with image similarity measure have
revealed the dominance of the proposed method over original algorithm of random walker.

2. Literature Review

It differs from the conventional similarity metrics in this technique a query image is
provided, at first it induces the relationship among all the data points in the feature space
using manifold ranking algorithm, and then it estimates the relevance among all the images
in the database and the query eventually, based on pair-wise distance. If only positive samples
are achieved in the relevance feedback, they are returned into the query set with a purpose
of improving the retrieval result; if the samples of both labels can be retrieved, they allot the
ranking scores of the positive and negative samples separately because of the asymmetry of
these two samples of pictures. Furthermore, three active learning methods have been
embedded in MRBIR to select images in each round of relevance feedback according to three
different approaches to achieve the maximum increment in the rank result.

In [7], attempts made to enhance the effectiveness of RF by using images not labelled to
reside in the given database. More specifically, this paper integrates active learning as well as
semi supervised learning into the aspects of relevance feedback. Altogether, two primitive
learners are trained from the marked data extracted from each one round of RF, namely
images from the user feedback and user query. Each learner then feeds to the corresponding
‘blank’ database some images not designated by the other learner. They again sort the images
in the database after the learners have re-prepared with the extra labeled information that
has been given to them and the resulting groups of similar items are shuffled. This means that
the images go through inspection and those, which are retrieved with high confidence are
labeled to be part of the positive retrieval result, however, the ones reviewed with low
confidence are placed in a pool and are used during the subsequent round of relevance
feedback.

A prototype of hierarchical graphical has been presented in [8], that extracts regions and
objects from the positive images in which the user is interested which are utilized to
determine features from images for better understanding of the user feedback intention that
enhance the image retrieval interaction. This prototype inserts into its edges; former details
about image formation, user intention, statistical and utilizes a strategy named as a max-
flow/min-cut for simultaneous segmentation of images that are positive feedback retrieved
into user interested regions and uninterested regions. A paramount development of this
prototype is the presentation of layer that fuses user intention and builds in diverse images a
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bridge of linking similar objects of visual appearance prototype nodes. This structural planning
not just makes it conceivable to utilize all feedback images to acquire more powerful user
intention earlier accordingly enhancing the object segmentation results and thus upgrading
the retrieval execution, additionally significantly diminishes the unpredictability of the graph
and the computational expense.

In [9] presents a novel retrieval prototype in which an image is annotated with keywords
and then after the user’s feedback alteration is done to the keywords, confidence level.
Positive images are given the confidence MAXCONF; if images have query keywords
otherwise it is given value as MINCONF. Then for the negative images, if the confidence
becomes lower than MINCONF, the keyword is considered irrelevant to the image and thus
removed from the image. The presented model not just contains given feedback about the
images; additionally different images with ‘visual features’ like the features used to recognize
the ‘positive images’ are subjected to confidence alteration. This takes into consideration
adjustment of an extensive number of images with generally ‘little feedback’, eventually
prompting quicker and more faultless retrieval results. A technique for consequently choosing
the ideal ‘weighted similarity function’ for content-based searches has been proposed
utilizing positive and negative images that are chosen throughout the relevance feedback
process.

In 2010, Auer et al., [10] describe CBIR framework that endeavors implicit RF throughout
a search session named as ‘Pinview’. It includes a few novel techniques that derive the aim of
the user. Pinview learns from RF, for instance ‘eye movements or clicks, and visual features’
of images, finds a ‘similarity metric’ between images which rely upon the present motives of
the user. Using specialized reinforcement learning algorithm retrieves images that adjust the
exchange among exploring new images and exploiting the already inferred interests of the
user. Pinview is incorporated to the CBIR system; PicSOM’ with a specific end goal to apply it
to real world image databases.

Bach et al., [11] presented a novel technique focused on the algorithm namely random
walker, presented in the perspective of interactive image segmentation to CBIR with
relevance feedback. The scheme is treating for the random walker problem, the images as
relevant and irrelevant marked by the user as ‘seed 'nodes at each one feedback round. The
ranking score for each one unmarked image is processed as the likelihood that random walker
beginning from that image will achieve a relevant seed before experiencing irrelevant one.
Some of the other techniques have been implemented by authors in [12-15]

2.1 Overview of Query Suggestion Algorithms

In this paper Yangxi Li et al., [16] proposed a system, that can calculate queries ranking
performance regarding their difficulties and then can also apply ranking optimization
techniques to query difficulty guided image retrieval. The model appraises the query difficulty
by extensively investigating the data existing in the query image, retrieval results, and target
database. In this paper, introduced an algorithm namely a linear multiple features embedding
that handles in the large-scale image retrieval situation, the high dimensional image features
and multi model image features and it learns a linear transformation by incorporating a
combined subspace from a small set of data in which the neighborhood data is conserved.
The conversion could be viably and effectively used to deduce the subspace features of the
recently watched information in the online setting. It demonstrated the centrality of query
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difficulty to image retrieval by applying it to guide the conduction of three retrieval
refinement applications, i.e., re-ranking, federated search, and query suggestion.

In [17], addresses the problem of suggesting only the object’s queries that contain
relevant matches in the dataset. This requires to first discover accurate object’s clusters in
the dataset (as an offline process); and then to select the most relevant objects according to
user’s intent (as an on-line process). It introduces a new object’s instances clustering
framework based on a major contribution: a bipartite shared-neighbors clustering algorithm
that is used to gather object’s seeds discovered by matching adaptive and weighted sampling.
Furthermore, introduced two practical ways to implement this new paradigm, i.e. “Mouse-
over visual objects suggestion” and “Text-aware visual objects suggestion”.

In short, multiple RF methods have been proposed over time; each having its own
importance. Similarly for incorporation of Query Suggestion to RF system has been looked
upon recently.

2.2 Problem Statement
This research is focused around answering the following questions:

i. How can the images be ranked and retrieved?

ii. How it will be possible in least number of feedback rounds the system to produce more
relevant results?

iii. What will be the threshold to update or subtract the value in the relevancy matrix for
relevant and irrelevant images?

iv. What will be the procedure to obtain the intersection of images from the relevant and
irrelevant images?

v. What will be mechanism used for the Query Suggestion?

vi. Did the system produce after in-corporation of the component Query suggestion more
precise results?

3. Methodology

The user initiates the system with a query image, which is automatically marked relevant
because it is the standard of significance with which other images in the database will be
compared. The standard method in the deficiency of any feedback is k-nearest neighbor
retrieval which is modeled to retrieve the first set of K images. The user then labels these K
returned images as either relevant or non-relevant and these labeling, together with the
query that is marked as relevant, are conveyed back to the system as feedback.

The pseudo code of our technique is presented in Prototype-1. Our method requires in
input the (relevancy matrix) R abstracting the CBIR problem, where each cell represents the
similarity value between one image to other image, the user function in the form of array
namely feedback, which collects the user's feedback, and a scope size K, which defines the
number of images that should be presented to the user at each feedback iteration.

At lines 1-3 we set up the system by initializing all the arrays and variables, n image is
equal to one means that query image iteration is started with only one image as a query
image. So our method sort the row that contains the relevancy values of the query image with
the threshold i.e. mean- relevancy value obtained from the query image row.
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Prototype-1: The Proposed Relevance Feedback & Query Suggestion Algorithm
Require: Relevancy Matrix R(x, y), feedback array, scope size K,
{Initialization} {name of variables like revind array to zeros etc}
1: nimage <1

2: if relevancy value of the nimage is greater than threshold then
3 Select those values as relevant images

4: else

5 Discard remaining values

6: Sort relevant images in descending order

7: endif

8: Ranks & get the first K relevant images to the query image

9: Present images indexed by Ranks to the user

10: While user is not satisfied with Ranks do

11: for all to nimages do

12: Sort all nimages row from R.

13: Place the sorted values in the array of size (nimages, x)

14. Check if the first sorted row values are common to all the other array rows

15: if answer is yes then

16: Place those values in the revind/ non-revind array

17: else

18: Discard all the values.

19: end if

20: Update/Subtract the relevancy values of the revind/non-revind array by certain

threshold

21: Threshold value & 1 - the maximum relevancy value of query image row - 0.1

22: Repeat for the relevant marked images and irrelevant marked images.

23:  endfor

24: if user not satisfied with Ranks, then

25: Select the relevant images as suggestion candidates to the query image

26: Candidate queries are sorted according to their difficulty scores/relevancy distance
values

27: Suggestion query image is selected on the basis of lowest difficulty score or highest
relevancy value

28: end if

29: Ranks < get K top ranked vertices by merging the revind array and array obtained from
the query image

30: Exhibit images indexed by Ranks to the user

31: end While

At line 4, we store in the scope S the K images that will be then presented to the user for
gathering his/her feedback. Line 6 enters a loop of relevance feedback iterations, which will
be suspended the moment the user is contented with the outcome. From line 7 to 8 we start
a new relevance feedback. So, we consider the relevant and irrelevant images by taking the
common images from the marked images by the user. So, common images which are taken
from relevant images their relevancy values are incremented. Likewise, from non-relevant
images considered common images relevancy values are decreased. Consider that at any
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moment the user can give the user feedback on each image in array through the user function.
At line 9, query suggestion component is incorporated in which after the raw query is carried
out and obtains the ranking array, then the relevant images and irrelevant images are taken
as suggestion candidates images. Lastly, these candidate queries are sorted in relation to their
difficulty scores and then the image having the lowest difficulty is suggested to users. At line
10 computation of the ranking vector is carried out as the solution of step 7. The K images
that result in the ranking vector with higher score are then accumulated in the scope S and
displayed to the user for new feedback iteration.

3.1 Experimental Setup

The experiments are run with MatLab Software on a machine operational with Intel Core
i-5, 2.40 GHz CPUs and 4 GB RAM. There are three different datasets used for the purpose of
experiments. The 1st dataset is a subgroup of the famous benchmark Corel dataset namely
Wang dataset [16,18], comprises 1000 images clustered into 10 classes (100 images per class).
The images classes are distinct that are subdivided into 10 classes namely for instance
‘monuments’, ‘food’, ‘Africa’, ‘beach’ etc such that it can be perceived that the queried image
which the user requests to search in the other images from the category of these ten
categories. While images’ belonging to the similar category reflects to the topic of that
category, it is difficult benchmark database because it shows the maximum heterogeneity
regarding visual similarity within one category. This database was created at Pennsylvania
State University. The size of the images is 384 x 256 dimensions and from each category few
instances are showed in Figure 14.

The 2nd collection is the Oliva Dataset [19] with 2649 images divided into 8 classes. Last,
many of used images belong to the Caltech-256 Database [20] in which the final data set
comprises a total of 4866 images allocated across 43 classes. The datasets are diversified, and
they have distinct size; they also refer to different image fields, as it is shown in the Figures 1
and 2.

Fig. 1. Mountain Class Fig. 2. Horse Class

3.2 Feature Extraction Methods:

The computation of image similarities is carried out on Color Features and Texture
features for all datasets. The datasets on which experiments are carried out following are the
summarize details of the features that have been considered:

1. Color Moments:

On every image of the dataset the calculation of feature extraction is done by taking
skewness, mean and standard deviation of every channel of the HSV color space over the
image and constructing a 9-dimensional feature vector matrix.
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2. Gray Level Co-Occurrence Matrix:

All rgb / colored images are transformed into 16 gray-scale images. For every direction
such as vertical, horizontal and two diagonal directions co-occurrence is computed. Then on
each direction features are extracted such as: Contrast, Entropy, Second Angular Moment and
Inverse Difference Moment. Then a 16-dimensional feature vector matrix is constructed.

3. Color Histogram:

The HSV color space is split into 32 subspaces such as 4 ranges of S and 8 of H. The
thickness of every color in the image presents the values for construction of a 32-dimensional
feature vector matrix.

2.3 Similarity Measure
The distance measure that is used to calculate the feature vector is the Minkowski
difference as written in (1):

— 1
Where a & b are 2 n-dimensional feature vectors matrix correlated to query and target
images. p=1 is frequently used for color histogram and for texture.

2.4 Relevancy Matrix Calculation

Each cell in the relevancy matrix depicts the similarity of one image to another image. It
is computed by taking Minkowski distance value between one image feature value and the
next image feature.

FeatureVecotor

1 1 double

1 ! 3 ! 5 b 1 § 9
AN B4R 190 1Ml 4 -20M 18T BaN

[ ]

Fig. 3. Color Moment Features for 1st Image
In Figure 3, features are extracted for color moments for the first image of the Dataset.

FeatureVecotor
1 1:8 double
1 2 3 4 5 6 7 8 9

1 2279956 61.6706 -2.2482 224.3882 65.6580 -1.9542 219.5789 73.2144 -1.807C
2

3

4

5

Fig. 4. Color Moment Features for Second Image
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In Figure 4, features are extracted for color moments for the 2nd image of the Dataset.In
Figure 5, final matrix is computed by using Minkowski distance measure between one image
features to other images features in the Dataset. For all diagonal values, O is inserted as
images cannot have relevancy with each other. (1, 2) represents image 1 features similarity
with image 2 based on features and so on.

Lastly, the normalization is carried out on feature vectors values so that every component
must be in range i.e. 0 and 1. The normalization is carried out by dividing all distance values
to the maximum gained distance.

reevancy

17 46204380 double

l 2 3 . ) 6 ] 8 J
l 0] 2N 1800 M0 019 JEIB0  BSW6 28N 115454
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§ BN TSl Gasaes 0 1N309 NN ALNEB 1N M
5 d0GEY B MOA% 1R BN 1IN 164185 MBS
b
1

r:.
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RS 0018 M0 AN 5

Fig. 5. Relevancy Matrix Calculated using Minkowski Measure

4. Results

We compared our algorithm against original Content Based Image Retrieval with
Relevance Feedback using Random Walks method:We compared our algorithm against
original Content Based Image Retrieval with Relevance Feedback using Random Walks
method:

Relevance Feedback with Random Walk: In this paper, concerning the images screened by
the user at each feedback interval, algorithm is to treat the relevant and irrelevant images as
the ‘seed’ vertices for the random walker problem. In this case for each image that is not
marked, the ranking score is the probability that one starting at the given unmarked image
and wandering through the graph before coming across an irrelevant seed vertex will first
arrive at a relevant seed vertex.

Regarding the datasets, the Wang dataset contains 1000 images the Oliva contains 2688
images and the last one is the Caltech custom that contains 4866 images, for these datasets,
the methods are assessed in their performances (for every combination of feature and
dataset) on 100 randomly sampled assumed queries, however for the Caltech custom the
number of queries is reduced to 50 due to the large size of the dataset. Precision that is
defined as in Eq.2, is evaluated on all the feedback intervals as the relative quality of the

results:
number of the relevant retrieved images

precision =

(2)

scope size
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Also computed the mean of the precisions obtained in all the simulated queries at all the
four perspectives. The size of scope introduced in experiments is given by 22, 30 and 40.

In Figure 6, shows an example of a query result that was generated through our proposed
algorithm when used on the Oliva dataset with feature of Gray Level Co-Occurrence Matrix.
The following results are provided which are observed at various feedback iterations.
Relevant radio-buttons are Yes marked radio-buttons and non-relevant radio-buttons are
marked with No. Even though the first k-NN search results in few relevant images, our
approach yields good results. Precision even enhances and it goes to 100% in the 3rd round
of relevance feedback.

(b) Initial results (17%)

1st iteration Relevance Feedback result:
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(d) Results has been taken after 2nd RF round (87%)
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(f) Results after 4th RF round (100 %)

Fig. 6. Query example using our proposed algorithm on the Oliva dataset with GLCM
feature: Immediately relevant images are categorized in the Yes marked radio-button, and
non-relevant ones in No marked radio-button. a) The original query image that was used. b)
The results that are gotten once the program is run and tested in the k-NN class. c-f) Results
got after varying feedback rounds or sets of results got from the specific feedback rounds
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Based on the above explanation, Figure 7 shows an example of a query result achieved by
the original random walker algorithm on the Oliva dataset when the Gray Level Co-
Occurrence Matrix feature is used. It presents the results which, in fact, are achieved at
different feedback iterations. Relevant radio-button marked as Yes and non-relevant marked
as No. Approach described above gives accuracy of 0,17 on the first k-NN search. The precision
increases to 100% at the 6th round of Refinement Relevant Feedback.

ﬁ

(c) Results has been taken after 1st RF round (34 %)
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(e) Results has been taken after after 6th RF round (100 %)

Fig. 7. Query example using original random walker algorithm on the Oliva dataset with GLCM
feature: Yes radio-button are considered as the images related to the task, and No radio-button are
considered as the images are not the relevant to the task. a) The query image used. b) Outcomes
derived after the resumption of K-NN algorithm computing. c-e) Outcomes at the end of different
feedback loops.
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Fig. 8. The graphs demonstrate average precision of the compared CBIR approaches on the
proposed algorithm to search on Wang, Oliva and Caltech datasets with features and a scope of 22
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Fig. 10: Wang, Oliva and Caltech datasets average precision of the effectual CBIR approaches with
variant carrying’s and scope size of 40
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In Figures 8, 9 and 10, some general outlines of results attained regarding precision for all
the datasets with all the analyzed techniques and with all the features in scope sizes 22, 30
and 40, correspondingly. In general, based on the comparison with all the calculated plots, it
can be stated that for all the combination of the features and datasets, as well as sizes of the
scopes, our improved algorithm is superior to the initial algorithm.

The results are generally enhanced as one would expect on large image domains like in
case of the Caltech dataset compared to the Wang dataset with less categories and rather
narrow image domain. Of course, our approach, which yields outstanding results, does not
exceed 80% of precision at the most. Moreover, the choice of the Image Features does
influence the performances; that were used to portray total image. Specifically, regarding the
visual representations in the Oliva Dataset, it can also be particularly noticed.

3.1 Implementation of the Component Query Suggestion

In Figure 11, Graphical User Interface of the component Query Suggestion is depicted.
Formerly when users are disappointed with the preliminary ranking list, it is not convenient
for them to find & upload a renewed image query, whereas choosing a substitution from

suggested query list is more — recommendable.

(a)Query Image

(b) Results after 1st RF iteration

| ey @ Mo

(c) Suggested Image from the relevant marked Image results
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— . — = .

mumng 2

(d) Results retrieved after using Suggested image
Fig. 11. Shows the overall working of the Query Suggestion Results

4. Conclusions

In this research paper, proposed is a novel algorithm to Content Based Image Retrieval
with relevance feedback and Query Suggestion, in which the relevant and irrelevant images
that are marked by the user are taken as to find out the common images in the relevancy
matrix. The common images relevancy value is incremented for those that are taken from
relevant images. Likewise, from non-relevant images considered common images their
relevancy values are decreased. Every unmarked image is finally ranked according to the
relevancy values sorted in descending order in which images incremented will be in the top
results unlike images which are decremented will be in lowest order. Lastly, the query
suggestion component is incorporated in which after the raw query is carried out and
obtained is the ranking array, and user is not satisfied with the relevance feedback results can
simply select the image from query suggested to the user for better results. After the
relevance feedback ranked results are shown then the relevant images and irrelevant images
are taken as suggestion candidates’ images. Lastly, these candidate queries are sorted in
relation to their difficulty scores and then the image having the lowest difficulty is suggested
to users. Our technique is straightforward to implement and scopes efficiently to huge
datasets. Extensive experiments on diverse real datasets with image similarity measure have
revealed the dominance of the proposed method over original algorithm of random walker.
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