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ABSTRACT

This paper introduces a new approach called the \customized-queries" approach to content-based image retrieval
(CBIR). The customized-queries approach �rst classi�es a query using the features that best di�erentiate the major
classes and then customizes the query to that class by using the features that best distinguish the subclasses within
the chosen major class. This research is motivated by the observation that the features that are most e�ective in
discriminating among images from di�erent classes may not be the most e�ective for retrieval of visually similar
images within a class. This occurs for domains in which not all pairs of images within one class have equivalent
visual similarity. We apply this approach to content-based retrieval of high-resolution tomographic images of patients
with lung disease and show that this approach yields 82:8% retrieval precision. The traditional approach that performs
retrieval using a single feature vector yields only 37:9% retrieval precision.
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1. INTRODUCTION

An e�ective approach to CBIR represents each image in the database by a vector of feature values.1{4 During
retrieval the query image's feature vector is compared to the database vector via the chosen indexing scheme. For
such approaches, the choice of features to include in the image characterization is a critical factor in their ability
to achieve high retrieval precision. We observed that the features that are most e�ective in discriminating among
images from di�erent classes may not be the most e�ective for retrieval of visually similar images within a class. This
occurs for domains in which not all pairs of images within one class have equivalent visual similarity. For example
in the domain of transportation classi�cation, the features that best distinguish airplanes from cars di�er from the
features that best distinguish commercial jets and stealth �ghters. Such domains are appropriate candidates for our
approach.

In this paper, we present an automated approach that forms a hierarchical representation of each image for
storage and retrieval. Our approach �rst learns which features best discriminate the images among di�erent classes
and then for each class, learns which features retrieve the most visually similar images within that class. In Section
2 we describe a supervised learning procedure to �nd the features at the �rst level and an unsupervised learning
procedure to �nd the features that retrieve the most visually similar features within a class. Note that the second
step requires unsupervised learning because we are not given subclass labels.

We have applied and evaluated this approach within ASSERT,5 a CBIR system for medical images. Our database
of interest is high-resolution computed tomographic (HRCT) images of the lung. Each image in our database has a
disease class label. This enables us to use supervised learning in the �rst level of our hierarchy. Moreover, we can
apply our approach to this domain because this domain re
ects the property mentioned earlier, i.e. although a given
set of features may be ideal for the disease categorization of a query image, those features may not always retrieve
the images that are most similar to the query image. A query image may di�er visually from other images within the
same disease class on account of the severity of disease and other such factors. Figure 1 illustrates this point. Figure
1a shows an image of a patient with Paraseptal Emphysema (P-Emphysema) and Figures 1 b, c and d show images
of three patients that have Centrilobular Emphysema (C-Emphysema). Notice that within the class C-Emphysema,
Figure 1d is visually dissimilar to Figures 1b and 1c. A feature that distinguishes P-Emphysema from C-Emphysema
is the distance of the \pathology bearing region (PBR)" from the boundary of the lung, whereas the features that
best discriminates the images within class C-Emphysema are those that measure the gray level intensity of the PBR.
The \pathology bearing region (PBR)"5 is the region marked by the physician as the region of interest or diseased
region. The PBR's are encircled by a white boundary as shown in Figure 1.
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Figure 1. (a) P-Emphysema image. (b) C-Emphysema image in subclass 1. (c) C-Emphysema image in subclass
1. (d) C-Emphysema image in subclass 2.
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Figure 2. Customized-Queries Approach.

Forming a hierarchy of features for retrieval and storage has been explored by other researchers, but their end
goals for doing so di�er from ours. For example in the FourEyes system,8 highly structured objects in images, such
as buildings and trees, are represented hierarchically to facilitate structural comparisons with a query image. In
\Texture features and learning similarity" by Ma and Manjunath,9 they used a hybrid neural network algorithm to
learn similarity by clustering in the texture feature space and then �ne tuning the clusters using supervised learning.
Their approach builds a hybrid neural network classi�er that is applied during retrieval to classify the query as one
of the given classes. Then they select the n most similar images within that class cluster using Euclidean distance.
Note that the same feature set is used both for classi�cation and for retrieval after classi�cation. Our approach
di�ers in that we do not require the feature sets for classi�cation and retrieval to be the same. Chen and Bouman6

developed an approach that organizes images in \similarity pyramids" by grouping images with the closest distances
together. The organization is used for indexing and browsing purposes. In contrast, we group images according to
disease classes and subclasses in order to emulate how expert radiologists would categorize them. Furthermore, we
use di�erent feature sets for comparing similarity at each level and for each class. In their case, they used the same
feature set and similarity metric throughout the organization of their hierarchy or \pyramid".

We refer to our approach as the Customized-Queries approach because it allows the system to \customize" the
feature set to the query image. By customization we mean that only those features that retrieve the most similar
images within a disease class are used. In other words, our approach transcends retrieval merely on the basis of class
identity. After determining class identity of a query image, it goes further and retrieves those images on the basis of
visual similarity.

2. THE CUSTOMIZED-QUERIES APPROACH

The customized-queries approach models the database as a hierarchy of classes and the queries as a hierarchy of
features (Figure 2). Each node consists of two parts: The set of images in the class (shown as the upper partition
of the node) and the set of features for indexing the next level (in the lower partition). Our current implementation
consists of two levels but the approach can easily be extended to more levels. The root (Level 0) of the hierarchy
contains all the images in our collection and the Level 1 index features here are the features that best di�erentiate the
images according to their major class to identify the query's major class. Each child node (called Level 1) contains
images belonging to a single major class and the set of features used to retrieve visually similar images within that
class. The classes need not be mutually exclusive, i.e. images can belong to more than one class. Finally, each Level
2 node contains images from a subclass of its parent Level 1 class. Note that these subclasses are not provided, but
must be learned. In Section 2.1, we describe the retrieval procedure. In Sections 2.2 and 2.3 we present our approach
to �nding the Level 1 and Level 2 features.



2.1. The retrieval procedure

Using the Level 1 features, we �rst classify the image using a one nearest neighbor (1-NN) classi�er. We used 1-NN
because in a comparison to 2, 3, 4, 5-NN and decision trees, 1-NN yielded the smallest classi�cation error as measured
by a ten-fold cross-validation. After classifying our query image, we then use the Level 2 features associated with
the image's query class to retrieve the n most similar images as de�ned by Euclidean distance to the query image.
In the next two subsections, we will answer the following questions:

1. How does one determine the discrimination boundaries among classes?

2. Within each class, how does one determine the discrimination boundaries among visually similar subclasses?

3. And, how does one customize the features within each subclass?

2.2. Customizing level 1 features

We treat each level as a separate classi�cation and feature selection problem. On the �rst level we use the given
image classes as our categories. In our domain of interest, this corresponds to the disease pathology assigned to each
image. These pathology class labels are con�rmed diagnoses obtained from medical records, hence we can consider
these as ground truth labels.

To �nd the Level 1 features, we �rst extract all features from the query image. We call these the base features,
FB = fF1; F2; :::; FNg. Then we used Feature Subset Selection (FSS)10 wrapped around Instance-Based (IB) (a 1-
nearest-neighbor classi�er) using MLC++11,12 (we chose the forward direction option) to �nd the subset of features
from FB that best discriminates the Level 1 classes. Other inducers such as decision trees or neural networks could
be used in place of IB. FSS is wrapped around IB because this is the inducer used to classify the query at Level 1.
This means that we are using Euclidean distance as our dissimilarity metric and that we are using nearest neighbor
to identify which class our query belongs to. FSS is a greedy search algorithm that �nds the best set of features for
delineating the di�erent classes. FSS wrapped around IB is illustrated in Figure 3. To estimate the classi�cation
error, FSS uses ten-fold cross-validation, which randomly partitions the dataset into ten mutually exclusive subsets.
Classi�cation error is computed with each partition (or fold) as the test set and the rest as the training set. This is
repeated ten times, one for each fold. The �nal estimate for the classi�cation error is the average of these estimates.11

For our dataset using the FSS features gave a classi�cation accuracy of 93:33%� 0:70% which was slightly better
than using all the features with 92:67%� 0:79% classi�cation accuracy. FSS chose eleven Level 1 features, which is
a substantial reduction from using all of 256 possible features. As implied by the FSS algorithm, we need to know
the class label of each observation before the best features can be chosen.

2.3. Customizing the level 2 features and clustering the level 2 classes

When categories at a particular level are not available or known, we can use unsupervised clustering to establish
the classes. On the �rst level we used the di�erent disease classes assigned to the images in our database. At the
second level we are not given class labels, so we used k-means14,13,15 to cluster the images within each disease class.
Applying k-means requires that we �nd k, the optimal number of clusters.

In addition to choosing k, we need to determine which features produce the best clusters. Since we cannot tell
which features are best before knowing the clusters and vice versa, we used a greedy search algorithm that tries
to maximize the interclass distance and minimize the intraclass distance to simultaneously �nd k and the feature
set. Speci�cally, our algorithm tries to minimize the trace(Sw)=trace(Sb) criterion.14 Sw is the within-class scatter
matrix and Sb is the between class scatter matrix, and they are de�ned as follows:

Sw =
kX

i=1

PiEf(X �Mi)(X �Mi)
T=!ig =

kX

i=1

Pi�i

Sb =
kX

i=1

Pi(Mi �Mo)(Mi �Mo)
T
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Figure 3. FSS wrapped around IB.

Input: classes, base features, data
Output: set of features

1 Queue = fg. Queue keeps track of the feature subset at every iteration.

2 F = FB .

3 Find the best feature f 2 FB when used together with the features in Queue gives the smallest classi�-
cation error.

4 If the old classi�cation error (IB) � new classi�cation error (IB) > � (default = 0:001),
then enqueue f to Queue,

F = F � f ,
goto 3.

Else
return Queue.

||||||||||||||||||||||||||||||||||||||||||||{
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kX
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where Pi is the probability of class !i, X is a random data vector, Mi is the mean vector of class !i, Mo is the total
mean across all data points, !i is the class !i, �i is the covariance matrix of class !i, and Ef�g is the expected value
operator. trace(Sw) measures how scattered the samples are from their cluster means, and trace(Sb) measures how
scattered the cluster means are from the total mean.14 We would like the distance between each pair of samples in
a particular class to be as close together as possible and the class means to be as far apart as possible with respect
to the similarity metric we are using, i.e. inverse Euclidean distance. Hence, we select k and the n features that
minimizes our criterion.

Our algorithm �rst considers each feature one at a time to assess its ability to cluster the data into k classes
using the k-means algorithm. We then sort the features in increasing order based on the value of our criterion for the
clusters generated by the feature. Next, we pick the �rst n features that are not pairwise correlated by more than
50%. We need to check for correlation because many of our base features are highly correlated. We chose n to be
the number of Level 1 features chosen by FSS as described in Section 2.2. We then cluster the data using k-means
applied to the n selected features and then compute the trace(Sw)=trace(Sb) criterion. We repeat this procedure for
k ranging from two to ten. Since the criterion function is a decreasing function with respect to k,14 we choose k to
be the smallest k for which the decrease in criterion value is no longer as signi�cant as the previous decrease. For
example Figure 4 shows the trace(Sw)=trace(Sb) criterion value with respect to k for C-Emphysema, resulting in a
choice of k = 5.

Notice that this method obtains di�erent features and di�erent clusters for each k. Once we establish the clusters
obtained by the selected n features and the chosen k, we de�ne each of the k clusters to be a distinct subclass. Using
the generated subclass labels, we apply FSS to customize the features to be our Level 2 features for that class. We
chose to customize the features rather than retain the features used for clustering to attempt to improve our ability
to discriminate among the subclasses and to reduce the number of features required. We ran FSS wrapped around
a 1-NN classi�er as that is what our retrieval procedure uses at Level 2 to retrieve visually similar images.
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Figure 4. The trace(Sw)=trace(Sb) criterion value with respect to k for C-Emphysema.

3. EXPERIMENTAL RESULTS

Our current database consists of 312 HRCT lung images from 62 patients. These images yield 615 pathology bearing
regions (PBR).5 PBR's are local image regions marked by the physician as pathological. A single image may have
several PBR's and these PBR's may have di�erent diagnoses. Throughout the experiment we considered each PBR
as a data point, i.e. a single image with three PBR's gives us three data points. We used the 256 implemented
features from ASSERT as our base features.5 These features are measures of geometric properties, histogram, and
texture measures of the local pathology bearing regions and of the global image.5 Table 1 enumerates the base
features. Table 2 shows the Level 1 and Level 2 features chosen by the methods described in Section 2. Table 2
does not include diseases with fewer than ten elements. Because the class distribution of diseases in our database is
not uniform, we duplicated the data in minority classes before applying FSS in order to avoid biasing the features
toward discriminating only the most prevalent class(es) at Level 1. See Table 3 for the original distribution.

Our experiments compare using the Level 1 features for retrieval (the traditional approach) to our customized-
queries approach, which �rst classi�es the query image using the Level 1 features and then uses the Level 2 features
from the resulting class for the retrieval. Speci�cally, we compare the results of the following two methods:

Method 1: The traditional approach: Level 1 features are used for retrieval across the entire database using Eu-
clidean distance.

Method 2: The customized queries approach: Level 1 features classify the query image as on of the Level 1 classes.
Then retrieve the nearest neighbors within that class as measured by Euclidean distance over the corresponding
Level 2 features.

In assessing the performance of Method 2, we assume an ideal classi�er to classify the query as a Level 1 class.
We did this to isolate the e�ect of using the appropriate Level 2 features in retrieving the images, i.e. the utility of
customizing a query. This assumption is not too limiting since the classi�cation accuracy we obtained from a ten-fold
cross-validation applied to a 1-NN classi�er using the Level 1 features is 93:33%� 0:70%.

To determine which method is best, the radiologist in our team (Dr. Broderick) was asked to evaluate the retrieval
results of the two systems. Throughout the test, the radiologist was not informed as to which method produced the
retrieved images. We used eighteen images selected randomly from the C-Emphysema class, �ve from P-Emphysema,
and one from each of EG, IPF, Bronchiectasis, Sarcoid and Aspergillus as test query images. We chose eighteen
from C-Emphysema because it is the largest class in our collection (51% of our database is of class C-Emphysema).
The four images ranked most similar to the query image were retrieved for each method. Note that all images of
the query patient are excluded from the search. The user can choose from �ve responses: strongly-agree (SA), agree
(A), not sure (NS), disagree (D) and strongly-disagree (SD) for each retrieved image. To measure the performance
of each method, the following scoring system was used: 2 for SA, 1 for A, 0 for NS, �1 for D and �2 for SD. The
results are summarized in Table 4.



Table 1. Base features.

Features Description
Global Features

F1, F2 gray level mean, standard deviation (std.)
F3 area
F4{F19 histogram

Local Region Features
F20, F21 centroid (column, row)
F22, F23 area (whole image, lung only)
F24, F25, F26 axis (long, short, orientation)
F27, F28 distance from boundary (Euclidean, Mahalanobis)
F29 closest �ssure
F30, F31 deviation from �ssure
F32, F33 distance from �ssure (Euclidean, Mahalanobis)
F34 orientation from �ssure
F165{F167 mean, std., maximum of segmented lung
F168{F175 area histogram of segmented lung
F176{F191 gray histogram of segmented lung
original equalized gamma corrected
image image 
 = 2:2 image
F35, F36 F92, F93 F192, F193 mean, standard deviation
F37, F38 F94, F95 F194, F195 mean - global mean, std. - global std.
F39 F96 F196 (mean-global mean)/global std.
F40 F97 F197 (std.-global std.)/global std.
F41{F56 F98{F113 F198{F213 histogram
F57{F61 F114{F118 F214{F218 texture energy at distance 1, 1.414, 2, 2.828 and 3
F62{F66 F119{F123 F219{F223 texture entropy at distance 1, 1.414, 2, 2.828 and 3
F67{F71 F124{F128 F224{F228 texture homogeneity 1 at distance 1, 1.414, 2, 2.828 and 3
F72{F76 F129{F133 F229{F233 texture homogeneity 2 at distance 1, 1.414, 2, 2.828 and 3
F77{F81 F134{F138 F234{F238 texture contrast at distance 1, 1.414, 2, 2.828 and 3
F82{F86 F139{F143 F239{F243 texture correlation at distance 1, 1.414, 2, 2.828 and 3
F87{F91 F144{F148 F244{F248 texture cluster at distance 1, 1.414, 2, 2.828 and 3
F149{156 F157{F164 F249{F256 edge

Table 2. The Level 1 and Level 2 features.

Level 1 Features F1, F3, F8, F9, F29, F32, F134, F136, F155, F205, F229

Level 2 Features
Disease Class Feature Set Disease Class Feature Set
Alveolar Proteinosis F22, F25, F177 Hemorrhage F1
Aspergillus F6 IPF F72, F167, F220
Bronchiectasis F20 Panacinar F44, F106, F19
Bronchiolitis Obliterans F20 Paraseptal Emphysema F1, F14, F193, F244
Centrilobular Emphysema F1, F35, F194 PCP F20
EG F1, F167 Sarcoid F94



Table 3. The disease class distribution.

Disease Class Frequency Disease Class Frequency

Alveolar Proteinosis 17 Hemorrhage 10
Aspergillus 12 IPF 51
Bronchiectasis 14 Panacinar 24
Bronchiolitis Obliterans 12 Paraseptal Emphysema 54
Centrilobular Emphysema 314 PCP 19
EG 57 Sarcoid 16
Aspergilloma 4 Fibrosis 3
Metastatic Calci�cation 8

Table 4. Results.

Disease Class Method 1 Method 2
SA A NS D SD SA A NS D SD

C-Emphysema 28 9 5 2 28 58 5 8 0 1
P-Emphysema 2 0 4 0 14 18 0 1 0 1
IPF 5 0 0 0 3 4 0 0 1 3
EG 0 0 0 0 4 0 4 0 0 0
Sarcoid 0 0 0 0 4 0 0 0 0 4
Aspergillus 0 0 0 0 4 4 0 0 0 0
Bronchiectasis 0 0 0 0 4 3 0 0 0 1
total 35 9 9 2 61 87 9 9 1 10

Method 1 obtained a total of �45 points, while Method 2 garnered 162 points. If SA and A are considered
as positive retrievals and the rest as negative retrievals, Method 1 obtained 37:93% retrieval precision. Whereas,
Method 2 obtained 82:76% precision. Notice that the Method 1 precision is not the same as the accuracy obtained
for the Level 1 classi�er because there were cases where the radiologist did not mark SA or A even though the PBR's
had the same diagnosis as the query. From these results, we can see that customized queries dramatically improve
retrieval precision for this domain. This is highlighted by the following example. Figure 5a shows the query image
with the pathology bearing region marked. Figure 5b shows the rank 1 image retrieved by Method 1. Figure 5d is
the rank 1 image retrieved by Method 2. Both Figures 5b and 5d received a response of \strongly-agree". However,
for the rank 2 images, shown in Figures 5c and 5e, Figure 5c produced by Method 1 was evaluated as \disagree"
while Figure 5e, by Method 2, was evaluated as \strongly-agree."

Our results show that it is not enough to retrieve images based on just the disease class. In addition, we need to
�nd the best image within that class on the basis of visual similarity. Obtaining better precision is very important
in medical image retrieval, because once the best match is found doctors can compare the medical history of the
two patients and hopefully be able to use the same diagnosis and treatment. Moreover as shown in Table 2, the
feature set that best discriminates the disease classes is di�erent from the feature set that best discriminates between
visually similar subclasses within each disease class. Hence, there exists a need for customized queries.

4. CONCLUSION

We introduced a customized-queries approach to CBIR which �rst classi�es a query using the features that best
di�erentiate the Level 1 classes and then customizes the query to that class by using the features that best distinguish
the Level 2 classes within the chosen Level 1 class. Our approach was motivated by the observation that the image
features that work best to discriminate among di�erent classes are di�erent from the features needed to retrieve
the most visually similar images within each class. For the domain of HRCT images of the lung, our results show
that the customized-queries approach yields 82:8% retrieval precision, whereas the traditional single feature vector
approach yields only 37:9% retrieval precision. Moreover, the traditional approach requires that one �nds a set of
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Figure 5. (a) Query image. (b) Rank 1 image of Method 1. (c) Rank 2 image of Method 1. (d) Rank 1 image of
Method 2. (e) Rank 2 image of Method 2.



features that both correctly classify the query and retrieve visually similar images. Whereas the customized-queries
approach divides the problem into two parts. First optimize the features for Level 1 classi�cation, then optimize the
features for retrieving visually similar images within that class.

An additional bene�t of this approach is that it organizes our database hierarchically into clusters. We noticed
that given a collection of objects, humans tend to organize these objects by grouping similar objects together and
then organize these groups in di�erent semantic levels. A classic example is biological taxonomy. If we would like to
query images by their content, this is a logical representation of the database. For example, in digital image library,
we might �rst group outdoor images and indoor images. Then outdoor images could be further classi�ed as images
of beaches, mountains, trees, and so on. Organizing the database this way aides both indexing and browsing.

Our future research will address automatic search for the best Level 1 classi�er and �nd an elegant way to
simultaneously solve the clustering and feature selection problem. Our future research will also incorporate indexing
and browsing in this approach.
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