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Abstract. To demonstrate the performance of content-based image retrieval sys-
tems (CBIRSs), there is not yet any standard data set that is widely used. The only
dataset used by a large number of research groups are the Corel Photo CDs. There
are more than 800 of those CDs, each containing 100 pictures roughly similar in
theme. Unfortunately, basically every evaluation is done on a different subset of
the image sets thus making comparison impossible.
In this article, we compare different ways of evaluating the performance using a
subset of the Corel images with the same CBIRS and the same set of evaluation
measures. The aim is to show how easy it is to get differing results, even when
using the same image collection, the same CBIRS and the same performance
measures. This pinpoints the fact that we need a standard database of images
with a query set and corresponding relevance judgments (RJs) to really compare
systems.
The techniques used in this article to “enhance” the apparent performance of a
CBIRS are commonly used, sometimes described, sometimes not. They all have a
justification and seem to change the performance of a CBIRS but they do actually
not. With a larger subset of images it is of course much easier to generate even
bigger differences in performance.
The goal of this article is not to be a guide of how to make the “apparent” perfor-
mance of systems look good, but rather to make readers aware of CBIRS evalua-
tions and the importance of standardized image databases, queries and RJ.

1 Introduction

The Corel Photo CDs have been used in many publications to demonstrate the per-
formance of content-based image retrieval systems (CBIRSs) and has become a de-
facto standard in the field [2, 3, 10, 12, 18, 19, 24–27]. Sometimes the Corel images are
mixed with other images [6]. Unfortunately, Corel (http://www.corel.com/) does
not only offer one set of images but a collection of more than 800 Photo CDs con-
taining 100 images each of a certain theme but also differently compiled collections of
smaller-sized images with sets of several thousand images grouped into same-subject
groups [27]. Even people of the same research lab presenting at the same conference
often use completely different sets of images from the Corel collection to evaluate their
systems [10, 13, 19]. This makes it very hard to compare the performance of systems as
different groups of images can be either very easy or hard to separate from one another,
depending on the images they contain. When having a large number of image sets, it
does make sense to compile a collection of images with groups where each contains a
distinct feature, so they can be separated easily and the performance of a system looks
better (sunsets, planes on a blue sky, divers, deserts images, ...).



Once a collection is compiled, a decision has to be taken as to which images to
chose as query images. Here, it is important to chose images that represent a group
well and not images that differ from all other images within the group. Sometimes,
the first image is taken [15] but mostly nothing is said about the process of selecting
a query image [18, 25] or it is selected by hand [5, 12] or randomly [10]. Both these
options leave a lot of room for choosing the images as query images that perform best
for a given system, which, as we will show, can improve the performance enormously
(Section 3.3). Often, more than one image of a class is chosen as query image [5, 12].

Although the Corel sets contain images of the same subject, many groups contain a
few images that are visually dissimilar. It does make sense to keep these images out of
the relevance sets for a query as they will make the performance look bad, although it
was only a few visually dissimilar pictures that were not found. Thus, often a subset of
the images is chosen to be in the relevance group [5, 25]. Sometimes the entire grouping
of Corel is discarded and a new grouping is done [18, 27] which basically means that
the developers can decide upon the performance of the system under evaluation. This
can also be done by choosing easy-to-separate groups. Basically all researchers use a
small subset of the images. Choosing the easiest subsets can drastically improve the
performance as shown in Sections 3.5 and 3.6. In [26], the system developers judge the
results themselves after every query step, which makes all results irreproducible.

One of the problems with using the groupings of the Corel collection as relevance
judgments (RJs) is that the grouping does not always comply with what a human might
chose visually as a good result for this group. What we really would like to evaluate
from a CBIRS, is how well its response fits with what a human would expect to be
returned as a result. Humans are subjective and have different opinions [23]. Thus, it
might be sensible to use real user judgments as a basis for evaluation, as done in [22].

The problem induced by the fact that retrieving images from small sets is easier than
from large collections has already been mentioned in [23] where a correction for dis-
counting the chance factor was proposed. Similarly, the use of generality in [8] leads to
appropriate measures to compare the retrieval quality when the database and relevance
sets have a varying size. The normalized averaged rank proposed in [16] shows to be
effective for comparing the performance when removing unused images (Section 3.6).

In Section 2, we shortly describe the CBIRS we used for our experiments. Section 3
explains the infrastructure of the system evaluation setup and shows the results of the
different techniques to prune the performance of a system. As shown beforehand, all
these techniques are common practices in CBIR evaluation. This highlights the need
for a standard testbed for benchmarking because otherwise results are incomparable
and researchers can basically choose the performance of their system by compiling a
set of nice images plus friendly query images and corresponding groundtruth.

There is a large need for a common, freely-available image database plus standard
queries and RJs for these queries. The Benchathlon (http://www.benchathlon.net/)
is an iniative that tries to compile an image database and a testbed for evaluation. It is
very important to support such an iniative and help to build databases and ground truth
to get serious with benchmarking in CBIR. In other areas, such as in text retrieval, stan-
dard databases exist since the 60s [4] and the TREC (Text REtrieval Conference) is
doing a standard evaluation every year since 1992 [7].



2 The Viper system

For the validation of our approach, we use the Viper system (http://viper.unige.ch/),
which has been developed at the University of Geneva. A stable version called GIFT
(GNU Image Finding Tool) can be downloaded free of charge at (http://www.gnu.org
/software/gift/). The system is described in more detail in [17, 22].

The main difference between GIFT and other systems is the usage of more than�����������
possible features. Most images contain between � �	����� and 
 �	����� of theses fea-

tures. The access method to the features is the inverted file, which is the most common
access method used in text retrieval (TR). The system implements four different groups
of image features:

– A global color histogram based on the HSV color space corresponding roughly to
the human color perception [20];

– local color blocks at different scales for fixed-size regions by using the mode color
for each of the fixed blocks; the image is successively partitioned into four equally
sized blocks and each block is partitioned again four times;

– global texture characteristics are represented by the histograms of the response to
Gabor filters of different frequencies and directions; Gabor filters are known to be
a good model for the human perception of edges [14];

– local Gabor filters at different scales and in different regions by using the smallest
blocks of the local color features and applying Gabor filters with different directions
and scales to these blocks.

3 Results

3.1 Technical infrastructure and images used

Unfortunately, we only have access to a small subset of images from the Corel Photo
CDs, containing 61 different groups of 100 images each. They do not contain the groups
most often used by other systems and also relatively easy to query such as “sunsets”,
“tigers”, “eagles on the sky”. We are thus limited with the upper performance we can
reach, but in the following sections it will become clear that even with a small subset
the apparent performance can be boosted.

For evaluation, we use the automated benchmark described in [15]. Such a bench-
mark makes it easy to perform a large number of example evaluations to test and opti-
mize the apparent system performance. The performance measures we use are described
in [16] which also gives an overview about different methods used in CBIR. These mea-
sures are:

– �
����� , number of relevant images and � , the time it takes to execute the query;
– �	����� , ������� and

 !#"%$�&
: rank at which the first relevant image is retrieved, average

rank and normalized average rank of relevant images, respectively;
– ')(�
 ��* , ')( �+��* and ')(,�.- * : precision after 20, 50 and �.- images are retrieved;
– �#/0(21 ��* and �3(4� ����* : recall at precision .5 and after 100 images are retrieved;
– Precision vs. recall (PR)-graph.



A simple average rank is difficult to interpret, since it depends on both the collection
size � and the number of relevant images �5- for a given query. Consequently, we
normalize by these numbers and use the normalized average rank,

 !0"+$6&
: !0"%$�&)7 ��8�
- 9;:=<> ?A@ � � ?CB �
-D(,�.- B � *
 E (1)

where � ? is the rank at which the F th relevant image is retrieved. This measure is
�

for perfect performance, approaches � as performance worsens, and is
� 1 � for random

retrieval.

3.2 Evaluation of the Corel database

Our initial evaluation procedure using databases with fixed grouping consists in using
the first image of a group as a query image and the entire set as RJ for the query.
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Fig. 1. PR-graph using the first image as query image (left) and an optimized query image (right).

The left side of Fig. 1 and Table 1 show that the results do not look very good,
although the use of RF does improve sensibly the precision in the first � 7 
 � images.
Having an average of 5 relevant images in the first 20 returned does not sound too bad.
However, we can see that GIHIJ � is well above 1, which means that there are image sets
where no relevant image was retrieved in the top 20.

1st step RF 1 RF 2 RF 3 1st step RF 1 RF 2 RF 3KML4NPO
100 100 100 100

KML2N�O
100 100 100 100Q�RTS3U�Q

8.53 11.69 12.62 13.19
Q�RTS3U�Q

8.35 11.60 13.08 12.89V UXWTY 28.79 21.13 24.30 23.56 V UXW,Y 1.49 1 1 1Z\[T]�[�^ _a`b`
.0552 .1336 .1487 .1525

Z\[T]�[�^ _a`b`
.1590 .1904 .2074 .2136Zdc+egf

1713.4 1602.8 1561.0 1543.5
Zdc+ehf

1223.9 1205.7 1185.9 1176.1iZdc+egf
.2537 .2368 .2303 .2277

iZdc+egf
.1789 .1761 .1731 0.1716]�[,jlka`

.2508 .4082 .4795 .5164
]�[,jlkI`

.5508 .6352 .6959 .7344]�[,_lka`
.1711 .2603 .2846 .2895

]�[,_lkI`
.3531 .3750 .3892 .4006]�[TK L `

.1267 .1821 .1857 .19
]�[TK L `

.2452 .2449 .2566 0.2549Z\[�mnklkI`
.1267 .1821 .1857 .19

Z\[�mnklkI`
.2452 .2449 .2566 0.2549

Table 1. Performance using the first image (left) and an optimized image (right) as query.



When taking a look at the sets with the worst results we can see that sometimes the
first image is visually very different from other images in the same group. An example
is a query for images of “Paris” where the first image of the group was a church at night,
which perfectly helped retrieving images of churches and other buildings at night, but
none of them were from “Paris”. Therefore, it sounds logical to chose a query image
that represents the class in a better way.

3.3 Optimizing the query image

For not having to chose a “best” query image by hand, we wanted to find the image that
represents the class best from our system’s point of view. We thus evaluated a query for
every image of every class and choose the image with the highest ')(�
 ��* . If there were
several images with the same value, then ')( ����* gave the decision. These two measures
correspond to what a normal user would look at on the screen and therefore we regard
these measures as the most important ones.

Fig. 1 and Table 1 illustrate how strongly the performance of our system improved,
although the same system with the same relevance sets and the same database was used.
For every group, we have a relevant image in the top 20 after one step of feedback, we
even have an average of 11 relevant images in the top 20 and after three steps of RF
even 15 relevant images in the top 20.

Comparing the two data sets in Table 1, we can see clearly that all the performance
measures improve strongly. ')(P
 ��* more than doubles and the rank-based measures
improve substantially.

3.4 Removing bad images

We said earlier that there are images in each group that are visually dissimilar from
several images in the same group. Although these images are not used as query images
anymore, they still worsen the results of retrieval. We do not want to cut too many
images and set an upper limit of 20 images to be removed from each set of the database.
We assume that an image is really bad for the query and can never be retrieved in one
of the top ranks if the image is ranked below one third of the entire database (we used�\�����poq
 ����� ).
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Fig. 2. PR-graph when removing bad images from the RJ (left) and removing bad groups (right).



As changing this does not at all change the ranking of the images and neither the
precision after the first images are retrieved, we can only hope for an improvement
in the recall measure. Fig. 2 shows that the entire PR-graph looks improved as the
curve is slightly lifted up. This makes the performance looks quite a bit better although
the precision measures in Table 2 show that the performance in the first 2000 result
images did not change at all. As expected, the average rank measures and the �3(4� ����*
do improve significantly.

1st step RF 1 RF 2 RF 3 1st step RF 1 RF 2 RF 3K L2N�O
82.41 82.41 82.41 82.41

K L2N�O
83.68 83.68 83.68 83.68Q�RTS5UnQ

8.39 11.56 12.33 12.77
Q�RTS3U�Q

8.66 11.90 12.43 12.46V U�WTY 1.49 1 1 1 V UXW,Y 1.43 1 1 1Z\[T]�[�^ _a`b`
.1871 .2268 .2465 .2544

Z\[T]�[�^ _a`b`
.2519 .2839 .3058 .3124Zdc+egf

850.3 883.3 860.0 850.39
Zdc+egf

600.5 651.3 628.2 616.2iZdc+egf
.1327 .1381 .1343 .1327

iZrc�egf
.0917 .0999 .0962 .0942]�[,jlka`

.5508 .6352 .6959 .7344
]�[,jlka`

.6463 .7412 .8088 .8463]�[,_lka`
.3531 .3751 .3891 .400

]�[,_lka`
.4365 .4495 .4685 .4845]�[TK L `

.2717 .2729 .2829 .2882
]�[TK L `

.3368 .3290 .3395 .3456Z\[�m�kakI`
.2931 .2933 .3077 .3055

Z\[�mnklkI`
.3609 .3532 .3648 .3650

Table 2. Performance when removing bad images from the RJ (left) and bad groups (right).

3.5 Removing bad image groups

The easiest way of improving the performance is of course to only have a set of eas-
ily distinguishable groups of images. With the Corel Photo CDs containing more than���s�������

images it is easy to choose a small subset of groups that work well. Unfortu-
nately, we do not have access to many of the image groups commonly mentioned in
citations, but we can already see that removing the 21 worst relevance sets from the
evaluation (leaving us with 40 query images) still leads to a massive improvement in
performance. And this with still using the exact same system, exact same database with
the exactly same measures for evaluation.

Fig. 2 and Table 2 show that basically all measured results are massively improved
by simply removing a few bad groups from the evaluation setup. We now have average
of 13 relevant images in the top 20 and 22 in the top 50. This is 13 images more than
what we had with our first evaluation. All values basically doubled in result.

3.6 Creating a smaller database

Until now, we always used the exact same database for the queries. Just like we remove
image sets or single images from the query process, it makes sense to remove all these
unused images completely from the database. Like this, we create a database where
every image is part of exactly one relevance group. This database now contains 40
image groups and a total of 3500 images.

We can see clearly in Fig. 3 and Table 3 that this again improves the performance
strongly, especially the average rank drops to roughly half the value. The query time is
strongly reduced and all precision and recall values go up. Interestingly, the normalized
average rank keeps almost exactly the same value as before, which shows that the basic
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Fig. 3. PR-graph when creating an inverted file with only the good images and groups.

performance of the system did not improve and that it simply looks better because of the
smaller database size. As the normalized average rank is normalized by the database
size, it characterizes well the ranks of relevant images.

1st step RF 1 RF 2 RF 3K L4NPO
83.68 83.68 83.68 83.68Q�RTS3U�Q
4.71 5.80 6.51 6.52V UXWTY 1.18 1 1 1Z\[T]�[�^ _a`b`

.3228 .3654 .3863 .3923Zdc+egf
350.3 364.3 347.88 351.89iZdc+egf

.09086 .0950 .0902 .0913]�[,jlka`
.7212 .8250 .8813 .9163]�[,_lka`
.504 .5345 .5585 0.5650]�[TK L `

.3848 .4013 .4094 .4092Z\[�mnklkI`

.4162 .4268 0.4387 .4391

Table 3. Performance when creating an inverted file with only the good images and groups.

3.7 Global comparison

As it is very hard to compare graphical values over several graphs, Fig. 4 shows a
comparison of the different evaluations in the first query step. The graph shows how
strongly the performance of the system may be improved by simply choosing well the
image sets, query images and RJs.

Fig. 4 also shows the improvement in performance obtained for the first RF step.
The increase in performance between the best and worst graph is often more than � ����t .

The same can be seen when we take a look at the other performance measures shown
in Tables 1–3. ')(P
 ��* improved from 1u
 � to 1uv�
 , ')( �+��* from 1w�Iv to 1 �+� and �3(4� ����* from1A�ax to 1 y6
 . Still, we have to recall that it is exactly the same algorithm with exactly the
same results, only the method of evaluation is changing between the different steps.

With having a larger number of Corel image sets we could surely increase the per-
formance even more, and with not only removing the worst 20 images but a larger
number, we can as well get a much higher improvement. If we even create the rele-
vance sets on our own such as [18], we can basically select the apparent performance
of our system even when using the same metrics and features as before.
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Fig. 4. Comparing the initial query (a) and the first feedback step (b) of all evaluation runs.

3.8 Easy query groups

Finally, to have an idea about the performance differences of single images sets, we list
in Table 4 the images groups with the highest ')( ����* , characterizing an easy group. We
can see how much easier the very easy image sets are. By having the entire set of more
than 800 groups it should be possible to have an almost perfect performance at least for
the first 50 results.]�[,_lkI`

group number content
]�[,_�kI`

group number contentk�^ zIj
211000 oil paintings

k�^ {l{
153000 swimming Canadak�^ z

156000 divers and diving
k+^ {

524000 works of art: engravingsk�^ z
99000 religious stained glass

k+^ _�|
161000 land of the pyramidsk�^ }aj

373000 everyday objects
k+^ _�|

502000 works of art: landscapesk�^ }
125000 coins and currency

k+^ _�|
96000 candy backgrounds

Table 4.
]�[,_lkI`

for the easiest image groups.

Based on this study, it would be interesting to create a difficulty measure for every
Corel image set, but unfortunately the difficulty of a group depends on the other groups
present in an image database and the CBIRS used. Not only the intra-group similarity
but also inter-group similarities are important to measure the difficulty of an image
collection.

4 Conclusions and future work

This article shows how easy it is to change the apparent performance of a CBIRS with-
out changing the system and even by using the same image set or a subset. This demon-
strates that it is impossible to objectively compare CBIRS performances unless it is
clearly stated which images where used, which images were used as queries and what
had been used as RJs. Most of the times, this is not stated in articles on CBIR and only
the database used plus a precision measure or a PR-Graph of the system is shown. This
makes it completely impossible to compare any two CBIRS.

The introduction of measures based on generality in [8] and the correction of re-
trieval by chance in [23] do help in some way, but many of the problems still persist
when the other factors in evaluation are not clear.



The aim of this article is to highlight the need for standardized evaluation in CBIR
and especially the need for a standard image database. In text retrieval, this was already
realized many years ago [21] and large efforts were made to create such databases.
In CBIR, an effort to create a database exists (http://www.cs.washington.edu
/research/imagedatabase/groundtruth/) and there is also an iniative to create
a benchmark for CBIR, the Benchathlon (http://www.benchathlon.net/). It is
very important to support these efforts if we want to be able to really compare CBIRSs.

Not only the creation of a standard database for CBIR is important but also the
creation of proper RJs. Predefined groups of the same subject such as the Corel Photo
CDs are interesting because they are easy to use without any effort. However, the fact
that groups contain very dissimilar images gives room and reasons for manipulations.
Although real user tests might be the best option to gain RJs, they are costly and have to
be repeated once the database gets bigger. Thus, it is important to develop alternatives
such as generating RJs based on annotation [11].
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