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a b s t r a c t
An accurate and rapid method is required to retrieve the overwhelming majority of digital
images. To date, image retrieval methods include content-based retrieval and keywordbased retrieval, the former utilizing visual features such as color and brightness, and the
latter utilizing keywords that describe the image. However, the effectiveness of these
methods in providing the exact images the user wants has been under scrutiny. Hence,
many researchers have been working on relevance feedback, a process in which responses
from the user are given as feedback during the retrieval session in order to deﬁne a user’s
need and provide an improved result. Methods that employ relevance feedback, however,
do have drawbacks because several pieces of feedback are necessary to produce an appropriate result, and the feedback information cannot be reused. In this paper, a novel retrieval
model is proposed, which annotates an image with keywords and modiﬁes the conﬁdence
level of the keywords in response to the user’s feedback. In the proposed model, not only
the images that have been given feedback, but also other images with visual features similar to the features used to distinguish the positive images are subjected to conﬁdence
modiﬁcation. This allows for modiﬁcation of a large number of images with relatively little
feedback, ultimately leading to faster and more accurate retrieval results. An experiment
was performed to verify the effectiveness of the proposed model, and the result demonstrated a rapid increase in recall and precision using the same amount of feedback.
Ó 2008 Elsevier Inc. All rights reserved.

1. Introduction
Information on the internet is shifting from text-based to multimedia-based with large amounts of visual and audio data.
The development of tools such as digital cameras and scanners, which convert analog data into digital data, has accelerated
the increase in multimedia information on the internet, and widened internet bandwidth has dramatically improved access.
These changes have demonstrated the need for current internet search systems to improve their search engines to include
multimedia data such as images, music, and videos. Among these, images are most numerous, requiring a more efﬁcient
searching technique.
The current image search technology is keyword-based. Keyword-based searching uses the ﬁle name by which the image
has been stored or keywords describing the image. The limitation of this method is that if no keyword has been associated
with an image or if the keyword associated with an image does not describe the image properly, the accuracy of the search
result is poor. Entering a keyword(s) for each image manually is a short-term solution, but considering the rapid increase in
the number of images, this cannot be an ultimate solution.
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Content-based searching is another method used for image retrieval and it uses visual features such as color distribution
and brightness as search conditions. The limitation of a content-based search is the fact that a visual feature recognized by a
computer can be different from the same feature recognized by a person [3,15]. Also, users who are accustomed to textbased searching may experience difﬁculty using images as a search condition. The digital visual features of an image of
the same object may also vary considerably, depending on the conditions under which the image was taken.
Therefore, neither the content-based method nor the keyword-based method provides satisfactory precision. We therefore suggest the notion of relevance feedback as an additional method to improve these retrieval methods in which the users
present the system with several example answers from an initial retrieval result. The system then uses these answers to
modify the search conditions and return a more reﬁned result [14,19].
Previous studies that have employed relevance feedback have improved the retrieval result accuracy by comparing the
similarity of images using the visual features shared among the positive images. However, the feedback process must be iterated to yield a correct result, and the feedback information acquired cannot be reused [14,19]. Recently, to achieve acceptable retrieval results when the same queries are given, Hoi et al. kept a log of feedback information [10].
Studies that have integrated relevance feedback with keyword-based searches have improved the accuracy of their results by reﬁning the degree of association between an image and its keyword by automatically using feedback data. That
is, the keyword becomes more relevant or less relevant to an image as the feedback process iterates, thereby increasing
the keyword conﬁdence of positive images and decreasing the keyword conﬁdence of negative images [9,11,12]. The limitation of this system is that only the conﬁdence in the images that have received feedback is modiﬁed, leaving other images
unmodiﬁed.
To solve the problems generated when applying relevance feedback to a keyword-based search, this paper proposes a
new model which integrates keyword-based and content-based searches. In the proposed model, not only the images which
have received feedback, but also other images with visual features similar to the features used to distinguish positive images
are subjected to conﬁdence modiﬁcation. This enables modiﬁcation of a large number of images with only a few pieces of
feedback, ultimately leading to faster and more accurate retrieval results.
This paper is organized as follows. In Section 2, current studies on image retrieval will be introduced. Section 3 will explain the proposed search model in detail. In Section 4, the performance of the proposed model will be evaluated
experimentally.

2. Related work
Image retrieval is usually classiﬁed into content-based searches and keyword-based searches. A content-based search extracts visual features such as color, texture, and shape from the image as search conditions [1,3,6,15]. QBIC [6], Virage [15],
and VisualSEEK [1] are the best known content-based search systems. QBIC uses color, texture, sample images, and sketches
as queries and is employed mainly in vast image or video databases. Virage uses color layout, texture, and the contour of an
object as visual features; this system is being applied in face recognition and in the retrieval of ophthalmologic images. VisualSEEK searches images using top, bottom, right, and left color relation, which are the most important visual features people
use in recognizing an image.
Most of the content-based search systems utilize several visual features to increase their retrieval accuracy. However, the
visual features calculated by a computer program can be different from the visual features people recognize, limiting accuracy improvement. Moreover, users who are accustomed to a text-based search engine may experience difﬁculties in using
images as a search condition [3].
Keyword-based searches use descriptive keywords as a search condition. The image retrieval accuracy will increase signiﬁcantly if the keyword describes an image accurately. Although the best case, in terms of accuracy, is to enter the keywords
manually, it is impossible for people to enter accurate keywords for each image considering the size of current image databases. This is why there have been many studies on automatic keyword annotation [2,5,7,8,18].
Cheng and Chien annotated a new image with a keyword by regional clustering [2]. The new image is ﬁrst divided into
several regions based on visual features, and then the keyword of the cluster most similar to each region is given to the image. Jeon et al. suggested a semantic hierarchy for reﬁning conﬁdence in a keyword [7]. For example, since a cat and dog are
both pets, images annotated with cat and dog will have high conﬁdence when considering the keyword ‘pet’. Feng et al. suggested applying two different systems to one image. Once two keyword sets are produced, the keywords included in both
sets are given high conﬁdence, while the keywords included in only one set are given low conﬁdence [5]. KBIR has a disadvantage in that the keyword can be varied according to the perspectives of users. Zhang et al. used the term feedback (a
method that changes keywords to keywords with a similar meaning throughout the feedback process in order to enhance
retrieval accuracy) to enhance retrieval accuracy [18]. Recently, ALIPR [8] proposed a real-time computerized annotation
system based on the pixel information stored in the image. When given a new image, this system extracts 15 relevant keywords using D2-clustering on a set of feature vectors obtained from the new image and the training images, and lets users
choose several keyword from among the extracted 15 keywords.
Basically, the automatic keyword annotation systems mentioned above employ a method that connects the keyword to
other images through visual similarity calculated by various programs. Once every keyword has been annotated, a keywordbased search can be carried out, thereby improving the search speed compared to content-based searches. However, these
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systems still face the issue of low retrieval accuracy. For this reason, there has been great interest in research on using relevance feedback in image retrieval in order to increase retrieval accuracy [14,19]. Relevance feedback refers to a method in
which users evaluate the initial retrieval result to deﬁne their query more accurately and achieve a better retrieval result.
Relevance feedback can be employed both in content-based and keyword-based searches.
Relevance feedback can be employed in a content-based search in two ways. The ﬁrst is to modify the information representing the query image so that it is more similar to the positive images and less similar to the negative images, according
to the feedback given by the user. The second is to give higher weight to more distinguishing features in order to reﬂect the
user feedback when calculating similarity [14,16,17].
In keyword-based searches, a keyword is added or removed according to the feedback from the user [9], or the conﬁdence
in a keyword is modiﬁed [2,10]. This technique will not immediately provide the users with an improved retrieval result, but
as feedback data accumulate, the conﬁdence level of irrelevant keywords will become lower and that of relevant keywords
will become higher. A keyword can be added or removed from the image. However, there are some limitations in how the
conﬁdence level can be modiﬁed when only the conﬁdence level of images given as feedback is modiﬁed. In order to improve
overall retrieval accuracy, the feedback process must iterate several times.
To solve the problems generated when applying relevance feedback to keyword-based searches, this paper proposes a
new model that integrates keyword-based and content-based searches. In the proposed model, images that have had feedback supplied, as well as other images with visual features similar to the features used to distinguish the positive images are
subjected to conﬁdence modiﬁcation. This allows the modiﬁcation of many images with a limited amount of feedback, ultimately providing faster and more accurate retrieval results.
3. The proposed image retrieval model
In this section, the proposed model is described. The model can be divided into two parts. The ﬁrst is an image collection
portion which collects image data into an image database. The other part is an image retrieval portion which searches for the
images that the user wants.
Image collection uses various methods to create metadata for image retrieval. That is, all images have to be annotated in
order to employ keyword-based retrieval while visual features such as color, shape, and texture have to be extracted from
images for content-based retrieval. Since this paper employs both retrieval methods, we need to annotate the images with
keywords and extract visual features from the images. These tasks are performed in Fig. 1r.
The image retrieval is composed of three modules. First, the keyword-based image retrieval module (Fig. 1s) searches a
list of ranked images that include at least one of the query keywords received from the user. These ranked images are called
the initial retrieval result. This technique shows low accuracy when a keyword annotated to an image does not represent the
content of the image accurately enough to provide a satisfactory retrieval result. So, to improve accuracy, the retrieval system receives feedback information, which indicates the images that are relevant and those that are not. The image reordering
module (Fig. 1t) is used to analyze the images given as feedback, and then provides the user with a rearranged result. As a
last step, the conﬁdence modiﬁcation module modiﬁes the keyword conﬁdence of the images, raising the conﬁdence level of
positive images and lowering that of negative images. Furthermore, modifying the conﬁdence level of other images with
similar visual features to distinguish relevant images from irrelevant images enables the system to modify more images with
an equal amount of feedback.
In this section, we describe the image retrieval process mentioned above in detail. The properties of images that must be
stored for keyword-based and content-based searches will be deﬁned in Section 3.1. In Section 3.2, automatic keyword annotation, which creates the initial value of the keyword and conﬁdence, is explained. In Section 3.3, the keyword-based search

Fig. 1. Proposed image search model.
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process is described and in Section 3.4, the creation of an improved, re-arranged result through relevance feedback is explained. Modifying the image conﬁdence to provide improved image retrieval results is discussed in Section 3.5.

3.1. Image and property
In order to employ the proposed model, an image must have three properties: (1) a keyword for the keyword-based
search, (2) keyword conﬁdence reﬂecting the degree of relevance between the image and the keyword, and (3) a low level
visual feature for the content-based search. The deﬁnitions of image property are deﬁned below:
Deﬁnition 1. Image I:

I ¼ ½F; ðK; CÞ:
 F is the set of low level visual features, which express the color, pattern, and texture of an image. A system has n visual
features extracted from an image. If we deﬁne the jth property of the image I as fi or Feature(I, j), F can be represented as
{fi = Feature(I, j)j1 6 j 6 n}. VFj is jth visual feature used in this model.
 K is the set of keywords representing the content of an image. An image has m different keywords at most. The jth keyword linked to image I is represented as ki or Keyword(I, j). Deﬁning all the keywords that a set of images can have as W, K
can be represented as {ki = Keyword(I, j)j1 6 j 6 m, kjW}.
 C is the set of conﬁdence levels representing the degree of accuracy by which the keyword describes the image. The conﬁdence of the jth keyword in association with image I is represented as cj or Conﬁdence(I, kj) and has a minimum value of MINCONF and a maximum value of MAXCONF. Also, the conﬁdence of keyword kw, which is the jth keyword of image I associated
with image I, is Conﬁdence(I, kw(=kj)). If keyword kw is not associated with image I, the value of Conﬁdence(I, kw) is 0.

3.2. Automatic keyword annotation
Several methods can be used to automatically annotate keywords including (1) ﬁnding a suitable keyword by analyzing
the context in which the image is stored and (2) using a content-based search method. Content-based searches show a relatively high accuracy and robustness with regard to the environment from which the image comes. Therefore, this paper
employs automatic keyword annotation through a content-based search.
Automatic keyword annotation with a content-based search requires a training set T, which is a set of images associated
with keywords with high conﬁdence. The step of automatic keyword annotation for new images using the training set T occurs as follows. First, the similarity in visual features between new images Inew and the images Ii belonging to training set T, is
calculated using FeatureSimilarity (Inew, Ii). FeatureSimilarity ranges from 0 to 1 and as the value approaches 1, the visual features of the two images become more similar.
Next, in order to select a keyword to be associated with a new image Inew, the system calculates the Conﬁdence(Inew, kw) of
each kw from set W, a set of all keywords. Formula (1) is used to calculate the conﬁdence level. Now, each image can have m
keywords at most, and thus the top m keywords based on conﬁdence level are selected. These keywords form a set for a new
image Inew. If any of these m keywords have lower conﬁdence than MINCONF, the keyword is considered to be irrelevant and
is removed from the keyword set of Inew:
Formula (1). Conﬁdence of keyword kw associated with a new image Inew:

P

ConfidenceðInew ; kwÞ ¼

Ii 2T ðFeatureSimilarityðI new ; Ii Þ

P

 ConfidenceðIi ; kwÞÞ

Ii 2T FeatureSimilarityðI new ; I i Þ

:

ð1Þ

3.3. Keyword-based image retrieval
Once all images in the database are annotated using the automatic keyword annotation described in Section 3.2, keyword-based retrieval can be performed. The keyword-based image retrieval process is as follows: (1) The user enters the
query keywords as a search condition; (2) The database retrieves all images that contain one or more query keywords;
and (3) The retrieved images are arranged based on the sum of keyword conﬁdence and are presented to the user in the order
of the sum of conﬁdences. Deﬁning the query keywords as Q, the sum of conﬁdences is calculated using ConﬁdenceSum (Q, Ii)
described in Formula (2):
Formula (2). Sum of conﬁdence between image Ii and query set Q:

ConfidenceSumðIi ; Q Þ ¼

X

kw2Q

ConfidenceðIi ; kwÞ:

ð2Þ
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The systems for keyword annotation and keyword-based image retrieval must consider keyword synonyms. For synonym
processing, our system utilizes the dictionary that maintains sets of synonyms with their representative keywords. More
speciﬁcally, our system only annotates representative keywords during the process of automatic keyword annotation, and
replaces user-speciﬁed keywords with their representative keywords before initiating the process of keyword-based image
retrieval.

3.4. Relevance feedback
If automatic keyword annotation has high accuracy, it could provide satisfactory results by applying the process discussed
in Section 3.3. However, automatic keyword annotation generally shows a low accuracy level and users are not very likely to
receive the retrieval result they wanted with a simple keyword search. Therefore, this paper has employed relevance feedback in order to increase retrieval accuracy.
Relevance feedback reorders a set of images retrieved as an initial result set using feedback information from the user.
There are two types of feedback: positive image and negative image. The former represents images of interest to the user,
while the latter indicates images not of interest to the user. We can enhance the retrieval result by analyzing user feedback
and recalculating the similarity between the query and images.
3.4.1. Visual features used in relevance feedback
This paper is based on the idea that the visual feature used to distinguish positive and negative images depends on the
query keyword. For instance, if a keyword ‘forest’ is used as a query, the user is likely to focus on the color rather than the
shape or pattern when submitting his or her feedback. The accuracy of an image retrieval result can be increased by retrieving images which contain colors similar to the positive image and by increasing the conﬁdence of the keyword’forest’ associated with the images.
In order to reﬂect the user’s feedback in the conﬁdence of a keyword, the visual feature, which plays a critical role in distinguishing positive and negative images, must be decided ﬁrst. This paper employs DP (discrimination power) of visual features for this purpose. Discrimination power of VFj is a numerical value which represents how well the positive and negative
images are distinguished when rearranging the images according to VFj. That is, the difference between the average fj of positive images and the fj of each initial retrieval result image is calculated, and then the initial retrieval result is rearranged
according to the difference. Smaller differences between the two values correlate to a higher rank. Formally DPj, the discrimination power of VFj, is calculated as shown below:
Formula (3). Discrimination power of VFj:

DPj ¼

Poj þ Nej
:
Np þ Nn

ð3Þ

where Np and Nn represent the number of positive and negative images selected by the user, respectively. Poj and Nej represent the number of positive images among the top N p th images and the number of negative images among the bottom
N n th images, respectively, when the initial retrieval result is rearranged according to the average fj of the positive images.
The DPj value becomes higher as VFj distinguishes the positive and negative images more accurately. That is, VFj has strong
discriminatory power if it assigns relevant and irrelevant images into two opposite sections (relevant images at the top and
irrelevant images at the bottom) of the list. So, if we go back to the previous instance, we can see that the visual feature for
color has a relatively higher discrimination power than the others, such as shape or pattern, when ‘forest’ is used as a
keyword.

3.4.2. Rearrangement of images
After calculating DPj as shown above, the initial retrieval result has to be rearranged and presented to the user. To do this,
the virtual query image Iavg is ﬁrst created by averaging each visual feature of the positive images.
Next, the similarity between each image Ii included in the initial retrieval result and the virtual image Iavg is calculated
using the similarity function WeightedFeatureSimilarity (Iavg, Ii, {DP1, DP2, . . . , DPn}). This similarity function calculates the
weight of each feature using Formula (4) shown below, and reﬂects the weight of each feature in calculating the similarity
of the two images. In Formula (4), n is the number of visual features, DPj and wj are the discrimination power and weight of
VFj, respectively:
Formula (4). Similarity between Ii and Iavg.
(a) Weight of VFj

DPj
wj ¼ Pn
:
k¼1 DP k

ð4Þ
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(b) Similarity using VFj

nsj ¼ normalized similarity between Ii and Iavg using VF j :
(c) WeightedFeatureSimilarity

WeightedFeatureSimilarityðIavg ; Ii ; fDP 1 ; . . . ; DP n gÞ ¼

n
X

wj  nsj :

j¼1

When the initial retrieval result is rearranged according to the above similarity function which reﬂects the weight of each
visual feature, the images with visual features similar to the images selected as positive by the user are ranked higher than
the images that have different visual features. Through this, the user is given a retrieval result including the images that have
been given positive feedback among all images containing the query keyword.
3.5. Conﬁdence modiﬁcation of a keyword
The image retrieval system proposed in this paper uses feedback information to modify the conﬁdence of keywords in the
initial retrieval result, which we call the extended feedback method.
First, for positive images, the conﬁdence of each keyword given as a query is increased to a certain degree. The upper limit
of the conﬁdence must be set, and if the increased conﬁdence exceeds MAXCONF, the conﬁdence will be set as MAXCONF. If a
positive image does not have a query keyword, the keyword is annotated with the conﬁdence value MINCONF. Next, for the
negative images, the conﬁdence of each keyword given as a query is decreased to a certain degree. If the conﬁdence becomes
lower than MINCONF, the keyword is considered irrelevant to the image and thus removed from the image. Lastly, the system selects the images ranked highly, but which have not been given feedback from the user, and modiﬁes the conﬁdence of
the selected images. These selected images are called additional images. However, the increment at this time must be smaller
than that of positive images since one cannot be sure of the accuracy of additionally selected images.
By using the extended feedback method, the conﬁdence level of an image can be modiﬁed faster with the same number of
pieces of feedback. However, conﬁdence modiﬁcation using extended feedback will not always improve the accuracy of image retrieval. For instance, suppose that among a set of images associated with keyword kw, the keywords of all the relevant
images have a MAXCONF value, while the keywords of all the irrelevant images have a value between MINCONF and MAXCONF. The conﬁdence of a correct keyword cannot become higher in this case, thereby increasing the conﬁdence of an irrelevant keyword. This will result in a decrease in the image retrieval accuracy.
To deal with such a problem, this paper proposes to apply the extended feedback method selectively. That is, for each
query keyword, we ﬁrst calculate its average conﬁdence from additional images. If the average is lower than the predetermined threshold value, the extended feedback method can be employed. If not, we consider that conﬁdence modiﬁcation has
been performed well enough to provide a satisfactory result, and thus do not employ the extended feedback method.
4. Experiment
In this section, the effectiveness of the proposed relevance feedback method will be veriﬁed through an experiment.
4.1. Environment
In this experiment, 9281 images used in CalTech image research [4] were selected and used. The 9281 images are associated with a suitable keyword and have visual features which clearly describe the object. For the experiment, a Pentium 4
2.8 GHz computer with 1 GB of memory and an 80 GB hard disk operating with Window XP was utilized.
The visual features of each image were extracted by MPEG-7 XM software [13] and ﬁve visual features (color layout, color
structure, homogeneous texture, edge histogram, and region shape) were simultaneously used. The similarity function
developed in XM software was adopted for this study.
The size of the training set was 360 images, which is about 4% of the total number of images. Keywords were associated
with the other 8921 images automatically using the training set during the automatic keyword annotation step. A total of
9281 images, including the training set, were used as inputs to a database.
Performance evaluation is based on two methods. One is the naive feedback method [11] developed by Lu et al. This
method simply modiﬁes the conﬁdence level of images which have received feedback. The second method is the extended
feedback method proposed in this paper which modiﬁes the conﬁdence level of additional images.
4.2. Deﬁnition of terms
The image retrieval result should be manually checked to determine experimental accuracy. However, checking the accuracy of all the automatic keyword annotations and retrieval results manually is extremely labor-intensive. To solve this matter, we regarded the keywords annotated objectively to CalTech images as manual keywords so that the system itself can
check the accuracy automatically. A manual keyword describes the content of an image accurately and therefore has a conﬁdence of MAXCONF.
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Therefore, images have both manual and automatic keywords. For a keyword kw, ConﬁdenceM(Ii, kw) denotes the conﬁdence of kw treating kw as a manual keyword. If kw is not a manual keyword of Ii, ConﬁdenceM(Ii, kw) returns 0. Similarly,
ConﬁdenceA(Ii, kw) denotes the conﬁdence of kw treating kw as an automatic keyword. If kw is not an automatic keyword
of Ii, ConﬁdenceA(Ii, kw) returns 0. In addition, SetAkw is deﬁned as a set of images that have kw as their automatic keyword,
while SetM
kw is deﬁned as a set of images that have kw as their manual keyword.
4.3. Deﬁnition of recall and precision
In this section, we deﬁne the recall and precision used for measuring the retrieval accuracy. Recall is the proportion of
retrieved accurate data among the accurate data related to the query within a database. This shows the capability of the system to retrieve relevant data. The proportion of accurate data among the retrieved data is called precision.
Recall and precision are shown in Fig. 2. Set A represents all of the related images within a database when a query has
been submitted, while set B represents all of the retrieved images by a given query. That is, for a given query keyword
kw, set A can be represented as SetM
kw , which is a group of images annotated by manual keyword kw, and set B can be represented as SetAkw , which is a group of images annotated by automatic keyword kw. The exact ones the user wants among the
images retrieved by the system are placed in the space where the two circles overlap and can be represented as the interA
section of SetM
kw and Set kw .
The above deﬁnition of recall and precision cannot be directly applied to our system since each keyword may have a different conﬁdence level. For these reasons, we propose new recall and precision measurements which consider keyword conﬁdence as well.
For a given keyword kw, its recall is now deﬁned as the rate between the sum of the conﬁdences of the images having kw
as their manual keyword and the sum of the conﬁdences of the images to which kw is accurately associated as their automatic keyword. That is, recall is calculated as shown below:
Formula (5). Recall of keyword kw:

P
RecallðkwÞ ¼

Ii 2fSet M
\Set Akw g Confidence
kw

P

M

Ii 2fSetM
g Confidence
kw

A

ðIi ; kwÞ

ðIi ; kwÞ

ð5Þ

:

As expressed in Formula (6), the precision of keyword kw can be deﬁned as the proportion of the sum of the conﬁdences
of the images having kw as their automatic keyword and the sum of the conﬁdences of the images to which kw is accurately
associated as their automatic keyword:
Formula (6). Precision of keyword kw:

P
PrecisionðkwÞ ¼

Ii 2fSet M
\SetAkw g Confidence
kw

P

Ii 2fSet Akw g Confidence

A

A

ðIi ; kwÞ

ðIi ; kwÞ

:

ð6Þ

The recall and precision of the entire system can be calculated by the average recall and average precision of all the keywords registered in the system, as shown in Formulas (7) and (8). Here, W and jWj express the set of keywords used in the
system and the size of W, respectively:
Formula (7). Recall of entire system:

P
Recall ¼

kw2W RecallðkwÞ

jWj

ð7Þ

:

Fig. 2. Recall and precision.
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Formula (8). Precision of entire system.

P
Precision ¼

kw2W PrecisionðkwÞ

jWj

:

ð8Þ

4.4. Parameter decision
An initial experiment must be performed to decide two critical parameter values: ThresholdSize and ThresholdEXTFB. The
parameter ThresholdSize determines the number of images selected as additional images in the extended feedback method,
and the parameter ThresholdEXTFB determines whether to select additional images in the extended feedback method.
Experiments were performed to investigate the recall and precision of the system, while receiving feedback from 0 to
7000 times. Three positive and negative images were chosen by the user (i.e., Np and Nn). Keyword conﬁdence ranged from
a MINCONF value of 0 to a MAXCONF value of 5.
4.4.1. ThresholdSize parameter decision
Greater ThresholdSize values result in more images being selected as additional images. As a consequence, the conﬁdence
of more keywords rises, thus quickly increasing the recall of the system. However, the possibility of irrelevant images being
included becomes higher as the value grows, resulting in lower precision. To prevent this, an optimal parameter value for
both recall and precision should be decided. In Figs. 3 and 4, the graph shows the growth pattern of recall and precision
as ThresholdSize increases in feedback image size multiples of 0.5–1.5. The x-axis denotes the number of queries and the
y-axis shows the value of recall and precision.

Fig. 3. Comparison of recall values for deciding ThresholdSize.

Fig. 4. Comparison of precision values for deciding ThresholdSize.
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As shown in Fig. 3, the recall becomes larger when ThresholdSize increases. However, notice from Fig. 4 that the increment
in ThresholdSize makes the precision higher only when the number of pieces of feedback is relatively small (i.e., less than
1500 in the ﬁgure). Beyond about 1500 counts of feedback, the increment of ThresholdSize does not bring signiﬁcant beneﬁt.
When ThresholdSize equals 1, both precision and recall are maximized as a whole. Considering the trade-off between recall
and precision, we set the base value for ThresholdSize to 1 in subsequent experiments.
4.4.2. ThresholdEXTFB parameter decision
Next, the value of ThresholdEXTFB is examined. ThresholdEXTFB is the value that determines if the conﬁdence modiﬁcation
is performed well enough by comparing the conﬁdence average of additional images with MAXCONF. Supposing the MAXCONF value is 5 and the ThresholdEXTFB value is 0.8, we use a value of 4, the product of MAXCONF and 0.8, as a standard to
determine how to employ the extended feedback method.
By changing the ThresholdEXTFB value from 0.6 to 0.8, the recall and precision values can be investigated. When the
ThresholdEXTFB value decreases, the system stops the extended feedback process earlier. As a result, its defect rate, e.g., a slow
increment of precision, can be reduced. In contrast, the recall at this time rises slowly because the system loses chances to
modify the conﬁdence of accurate keywords. Therefore, we have to decide an optimal value of ThresholdEXTFB to maximize
both recall and precision.
In Fig. 5, after 7000 feedback events, the recall reaches a maximum when ThresholdEXTFB is 0.8. When ThresholdEXTFB is 0.7
and 0.8, the recall is satisfactory although slightly reduced. Moreover, as shown in Fig. 6 (especially in Fig. 6b), the precision
becomes lowest when ThresholdEXTFB is 0.8. This is because the extended feedback method continues to process images after
the conﬁdence of a relevant keyword has reached MAXCONF, while irrelevant images are selected to modify the conﬁdence.
Fig. 6 indicates that the precision is largest when ThresholdEXTFB is 0.7. Consequently, in this paper the ThresholdEXTFB value
was ﬁxed at 0.7 considering the trade-off between recall and precision.
4.5. Experiments for performance evaluation
4.5.1. Experiment 1: Recall and precision according to the size of the training set
The more images there are in the training set, the better the automatic keyword annotation result becomes. In order to
verify the effect of the size of the training set, an experiment was performed with different training set sizes (360, 920 and
1840). Training set sizes of 360, 920 and 1840 represent about 4%, 10% and 20% of the entire image set size used in our experiments, respectively.
To compare the two feedback methods, extended feedback and naive feedback, we ﬁrst measured their precision and recall values and then presented their differences in percentage form as shown in Formulas (9) and (10). Here, RE (ExtendedFeedback) and RE (NaiveFeedback) denote the recall values of the extended feedback method and the naive feedback
methods, respectively. In a similar manner, PR (ExtendedFeedback) and PR (NaiveFeedback) express the precision values
of the extended feedback method and the naive feedback method, respectively:
Formula (9). Equation for the growth rate of recall:

Growth rate of recall ¼

REðExtendedFeedbackÞ  REðNaiveFeedbackÞ
 100:
REðNaiveFeedbackÞ

Fig. 5. Comparison of recall values for deciding ThresholdEXTFB.

ð9Þ
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Fig. 6. Comparison of precision values for deciding ThresholdEXTFB.

Formula (10). Equation for the growth rate of precision:

Growth rate of precision ¼

PRðExtendedFeedbackÞ  PRðNaiveFeedbackÞ
 100:
PRðNaiveFeedbackÞ

ð10Þ

Figs. 7 and 8 show the growth rates of recall and precision, respectively, with different training set sizes. As shown clearly
in both ﬁgures, the improvement of the extended feedback method over the naive feedback method is more remarkable in
smaller training sets. This is because the conﬁdence is modiﬁed more rapidly by the extended feedback method when the
keyword of the initial system is not accurate. That is, the conﬁdence modiﬁcation has been proven to be more effective when
the initial images of a database are associated with irrelevant automatic keywords.
4.5.2. Experiment 2: Recall and precision according to feedback size
The most effective way of modifying images is to give feedback to every retrieved image. However, leaving feedback
information for every initial retrieval result is practically impossible considering the large amount of images in a database.
Therefore, the user selects only a few images from the ﬁrst result and submits these as feedback information.
The proposed method’s performance was compared with that of the naive feedback method while varying the feedback
size. The different feedback sizes used in the experiment were 4, 6, and 8. Np and Nn were set to half of the feedback size. The
feedback sizes of 4, 6, and 8 were about 0.04%, 0.06%, and 0.08% of the number of total images, respectively.
Figs. 9 and 10 show the performance result according to the three different feedback sizes. Both ﬁgures indicate that the
gap between the two methods becomes wider when there is only a small amount of feedback. That is, as the proportion of
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Fig. 7. Comparison of the growth rate of recall according to different training set sizes.

Fig. 8. Comparison of the growth rate of precision according to different training set sizes.

Fig. 9. Comparison of the growth rate of recall according to different feedback sizes.
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Fig. 10. Comparison of the growth rate of precision according to different feedback sizes.

feedback to total images becomes smaller, the extended feedback method shows better results than the naive feedback
method. When the feedback size is 4, the growth rate of recall and precision is as high as 13% and 8%, respectively, after
7000 feedback sessions.

5. Conclusion
In this paper, a new model, which incorporates relevance feedback into keyword-based searches, has been proposed. In
the proposed model, not only the images that have been given positive feedback, but also other images with visual features
similar to the features used to distinguish positive images, are subjected to conﬁdence modiﬁcation. This enables the modiﬁcation of a large number of images with only a few pieces of feedback which ultimately leads to faster and more accurate
retrieval results.
The main contribution of this paper can be summarized with two points. (1) A novel search model that integrates keyword-based searches, relevance feedback, and content-based feedback, which ultimately increases retrieval accuracy and
shortens retrieval time, has been proposed. (2) A method of automatically deciding the optimum weighted similarity function for content-based searches has been proposed using positive and negative images selected during the relevance feedback process.
A performance evaluation was performed to verify the effectiveness of the proposed method. Experimental results show
that recall and precision increase up to 13% and 8%, respectively, with the same amount of feedback.
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