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ABSTRACT

We propose a novel image retrieval framework cen-
tered around classi�cation-driven search for a weighted
similarity metric for image retrieval. This approach
is �rmly rooted in Bayes decision theory. Given a
well-de�ned image set, we argue that image classi�ca-
tion and image retrieval share fundamentally the same
goal. Thus, the distance metric de�ning a classi�er
that performs well on the image set should also gener-
ate good results when used as the similarity metric for
image retrieval. In this paper we report our methodol-
ogy and initial results on neuroradiological image re-
trieval, where the approximate bilateral symmetry of
normal human brains is exploited.

1 Introduction

Existing \content-based" image retrieval systems
depend on general visual properties such as color and
texture to classify diverse, two-dimensional (2D) im-
ages [4, 12, 15, 11, 10, 13]. These general visual cues
often fail to be e�ective discriminators for image sets
taken within a single domain, where images have sub-
tle, domain-speci�c di�erences. Furthermore, global
statistical color and texture measures do not neces-
sarily reect the meaning of an image.

Databases composed of 3D volumetric or 2D im-
ages and their collateral information in a particular
medical domain provide simple, well-de�ned training
sets, where the meaning of each image is the patholog-
ical classi�cation indicated by that image. By well-
de�ned image set S, we mean a �nite number of
image classes C are de�ned on an image set S, any
pair of elements in C is mutually exclusive, and each
image has one class only. During system performance
evaluation, the retrieval results are readily quanti�ed
by comparing the pathology classes in the query image
with that of the retrieved images. As a test-bed, we
have chosen a multimedia digital database in human
neurology from the National Medical Practice Knowl-
edge Bank project [6]. This is a database containing
a large set of medical cases in di�erent sub-branches
of medicine, with a current focus on neurology. Each
case in the database is composed of at least one 3D im-
age, either Computed Tomography (CT) or Magnetic
Resonance images (MRI).

2 Our Approach

2.1 Basic Idea

Given a well-de�ned image set, image classi�ca-
tion and image retrieval share fundamentally the same
goal. Our hypothesis is that a distance metric used by
a classi�er that gives good classi�cation results should
also be expected to provide good image retrieval re-
sults when used as the image similarity metric for re-
trieval. Therefore, in our work image classi�cation is
used as an image index feature selection tool to �nd
a good similarity metric for image retrieval. The net
e�ect is equivalent to warping the original multidimen-
sional feature space such that the image points corre-
sponding to the same class are well-clustered in the
warped feature space. It should then be obvious that
image retrieval using nearest neighbors in this feature
space can achieve good results.

2.2 Basic Framework

Figure 1: Three steps in classi�cation-driven image
retrieval

We propose an image retrieval framework consisting
of three stages as shown in Figure 1: 1) feature ex-
traction: a pool of candidate image indexing features
is extracted, 2) feature selection via image classi�ca-
tion: determine, quantitatively via classi�cation, the
most discriminating subset of weighted features across
prede�ned image classes, and 3) image retrieval us-
ing k nearest neighbors in the selected feature space:
the weighted subset of the features that has the best
performance in classi�cation is used as a similarity
metric for image retrieval. This distinguishes our work
frommost existing systems, where no direct evaluation
of the chosen image features is performed. A typical
content-based image retrieval system simply extracts
certain predetermined image features from both the



query image and the images in the database, �nds the
nearest N neighbors of the query image in the feature
space and returns those images as the retrieved result.
The di�cult feature weighting problem is usually left
for the human user to decide. Besides providing no
insights to the distributions of the database image fea-
ture space in terms of image classes, this user-de�ned-
feature-weighting method is not always a manageable
task for the user, especially when the user is not ex-
perienced or when multiple indexing features (>> 5)
are used.

What is missing in the common image retrieval
practice is an evaluation of the extracted image fea-
tures before they are used for image retrieval. Criti-
cal questions are left unanswered, such as \Are these
features su�cient to capture the content of the image?
Is there any redundancy in these features for discrim-
inating di�erent images? Which subset of these fea-
tures has the most discriminating power across im-
age semantic classes? and what are their relative
weights?". In contrast, the method we propose di-
rectly answers these questions. In summary, our ap-
proach uses memory-based learning to explore, dis-
cover and manipulate image feature space, in the
hope of �nding the most direct, e�ective and econom-
ical mapping from a proper subset of non-uniformly
rescaled image features to their corresponding image
classes.

2.3 Bayesian Classi�ers

A memory based learning (MBL) technique, called
Kernel regression (KR), is applied to classify images
in the database [1, 9]. Recall that the posterior proba-
bility P (cjx) of an image being in class c when feature
x is observed can be computed via Bayes law [3]:

P (cjx) =
P (xjc)P (c)

P (xjc)P (c) + P (xj�c)P (�c)
(1)

The prior probability P (c) of a class c can be estimated
easily from labeled training data by dividing Nc, the
number of instances in class c, by the total number of
instances N in the training set: P (c) � Nc=N . The
conditional density P (xjc) for each class is estimated
using the Parzen window [3].

Changing the kernel width � in KR density estima-
tion or the distance metric (feature weighting) yields
a whole space of classi�ers. Our approach consists
of an o�-line, combinatorial search in the space of
classi�ers to �nd one that minimizes a classi�cation
performance measure: cross-entropy. Cross-entropy is
de�ned as the negative log-likelihood of the training
data given a speci�c classi�er, and is therefore a mea-
sure for how well a classi�er performs. Minimizing this
cross-entropy will yield a metric and a kernel width �
for which kernel regression best approximates the a
posterior probabilities P (cjx), and is thus optimally
suited for classi�cation [2]. To prevent over�tting to
the training data, each classi�er is evaluated using
leave-one-out cross-validation[8] on a training set, con-
taining roughly two-thirds of the available data in the

database. The rest of the data is set aside for eval-
uation purposes, and it is on this set our results are
reported.

The main result of the search is a similarity metric,
i.e. a weighted set of the most discriminating features
for use in a classi�er. The classi�cation process screens
out the majority of the features that were extracted
for each image, and ends up with a proper subset of
the original feature attributes. If large redundancy
exists in the initial feature set then one should expect
several feature subsets that have quantitatively equiv-
alent discriminating power to be found. In that case,
which individual feature is included in each subset,
or even which subset is used by the classi�er, is not
important.

2.4 Classi�cation Evaluation

In general, a classi�cation will never be perfect,
since the densities of classes overlap in feature space.
This motivates the use of decision theory [3] to mini-
mize the cost of deciding on a particular class for a
given sample. Speci�cally, in the domain of medi-
cal image classi�cation/retrieval, it is imperative to
minimize the false negative rate FNR, i.e. minimize
the occurrence of pathological cases being classi�ed as
normal. This motivates a cost matrix structure (Fig-
ure 2). A false negative penalty w > 1 is incurred
whenever a pathological image is classi�ed as normal,
whereas a unit cost or zero cost is incurred when a
normal image is classi�ed as pathological or when a
class chosen is the correct class, respectively. Thus,
given three classes: 1. normal, 2. blood and 3. stroke,
we typically use a cost matrix of the form shown in
Figure 2. A classi�cation decision is made by mini-
mizing the expected risk associated with choosing a
class. For example, R1 in Figure 2 is the risk to take
when choosing class 1, i.e. normal, for the given im-
age. From the expression one can see that the higher
the value of w, the higher the risk. Thus, by increasing
w, false negative decisions are e�ectively punished.

Figure 2: Risk matrix. R1 is the risk to take when
choosing class 1, i.e. normal. The higher the value of
w, the higher the risk. By increasing w, false negative
decisions are e�ectively punished.



2.5 Image Retrieval and Evaluation

Once a locally optimal classi�er and associated dis-
tance metric have been found, we apply this same met-
ric to the image retrieval problem. Assume the ex-
tracted image features form an N dimensional vector
space, the overall distance function D of two images
a; b is de�ned as

D(a; b) =

q
( ~A � ~B)T��1( ~A� ~B) (2)

where ~A = f(a); ~B = f(b) are the N dimensional im-
age feature vectors of images a and b respectively, �
is an N � N covariance matrix. In this paper we use
non-uniformly scaled Euclidean distance. Thus � is
a diagonal matrix, whose diagonal elements are the
feature weights being discovered during the classi�er
selection process described above.

The image retrieval is done using K nearest neigh-
bor (KNN) as commonly done in image content-based
retrieval. The evaluation of retrieved images can be
simply the true positive rate or precision in the top
K retrieved images. Let Cp be the number of correct
pathology class in the top K retrieved images as that
of the query image, then the top K precision rate is
de�ned as TPRK = Cp=K.

3 Experiments

A study was performed using a data set of 48 volu-
metric CT brain scans containing normal (26), stroke
(14) and blood cases (8). These are clinical CT im-
ages collected directly from a local hospital emergency
room. These images bear a close resemblance to the
images in appearance that will be used as query im-
ages.

A 3D medical image is usually taken as a stack of
parallel 2D images. Instead of working directly with
the 3D images as the descriptive units in the database,
2D slices are used. 2D image are easier to display,
and physicians primarily use 2D images as queries to
access digital databases. It is also useful to identify
normal slices in an otherwise pathological 3D brain
image. Finally, it is hard to obtain a su�cient number
of 3D images, whereas a small number of 3D images
yields a large set of 2D slices. In fact, we go one step
further and ultimately use 2D half slices as the basic
descriptive unit for testing our approach, doubling the
amount of data at our disposal. This is justi�ed under
the assumption that normal human brains are approx-
imately symmetrical, thus each half of a brain slice is
potentially equivalent to the other half. The violation
of this symmetry is an implication of pathology.

The total 3D image set S3D is then divided into a
training set containing two thirds of S3D and a hold-
out test set containing one third of S3D. Care is taken
to separate the test set in such a way that there is
no mixing of 3D images between training and test set
at the level of 2D slices. Instead, the test set is a
completely separate set of 3D images, and is only used
for evaluation purposes.

3.1 Image Preprocessing

Figure 3: The ideal symmetry axis is extracted as the in-
tersection of a 3D brain image and its midsagittal plane.
The method works even in the presence of obvious asym-
metries, for example the sinus near the frontal lobe in the
left image.

The orientation of an imaging coordinate system
often di�ers from the ideal head coordinate system
KX0Y0Z0 by three rotation angles, pitch, roll and yaw,
about X0, Y0 and Z0 axes of KX0Y0Z0

, respectively.
Thus the �rst step in image preprocessing is to align
all 3D images such that themidsagittal planes of di�er-
ent brain images are parallel and pitch angle is zero. A
maximization of mutual information a�ne registration
algorithm [7] and a 2D-to-3D cross correlation regis-
tration algorithm [5] are used to minimize rotational
errors among 3D images. The e�ect of midsagittal ex-
traction is not to �nd where the midsagittal plane is,
but where it is supposed to be. This is especially true
for pathology brains since the midsagittal plane is of-
ten distorted (shifted or bended) due to large lesions.
Figure 3 shows some sample results after the midsagit-
tal plane is extracted and intersected with 2D slices.
After image preprocessing, each of the half slices is la-
beled according to its pathology class with the help of
a neuroradiologist.

3.2 Feature Extraction

Figure 4: Variations of lesions.From left to right:
acute blood, acute blood, infarct, infarct

In most medical image analysis, segmentation of
lesion(s) in an image is a necessary �rst step. How-
ever, it is well known that lesion segmentation can be
a very hard problem, particularly since each 3D im-
age can contain multiple lesions, and each lesion takes
no a priori form, density value, shape or geometric
and anatomic location (see Figure 4). Many image
retrieval systems depend on human experts to hand
pick the lesion as the initial input.

We take a completely di�erent approach: instead of
trying to precisely locate the lesion, we collect a set of
relatively simple and computationally inexpensive im-
age features based on the assumption of normal brain



symmetry. The hypothesis is that some (appropriately
weighted) subset of these simple features, collectively,
may capture the statistical 3D appearance model of
the pathology accurately. If none of these selected
features, or any subsets of them, are e�ective, the re-
sult of the classi�cation will reect that fact. Only
then should other, perhaps more expensive means, be
used to extract more relevant features.

To extract features that will quantitatively describe
the amount and type of asymmetry in the image, we
use three types of symmetry-descriptive features: 1)
global statistical properties, 2) measures of asymme-
try of half brains, and 3) local asymmetrical region-
based properties. In addition, some global features
are also used, such as the mean of the whole image
and the number of edge pixels in each quarter (top-
left, top-right, bottom-left, bottom-right) of a Canny-
edged image. These features are extracted from the
original image I with its midsagittal plane centered
vertically in the middle of I, the di�erence image D
of the original image and its mirror reection with re-
spect toX0 = 0, the thresholded di�erence image, and
the original imagemasked by the thresholded binary
image (Figure 5).

Figure 5: Left: original image I with midsagittal plane
aligned. Middle: di�erence image D = I � reflectv(I).
Right: thresholded D

Global statistical properties are computed over the
entire half brain, and include features like the mean
and standard deviation of grey-level intensity. Asym-
metry features are obtained by voxel-wise comparison
of corresponding left and right half brains. Two tech-
niques are used to obtain these features. (1) The �rst
is to simply subtract out a vertically reected image
of the left brain from its corresponding right half, to
obtain a di�erence image D (Figure 5). Asymmetries
show up as large positive or negative density values
in the di�erence image. Numeric features are then
computed as counts of how many voxels remain after
thresholding D with di�erent values. (2) In the second
technique, each image is smoothed with a Gaussian �l-
ter having a standard deviation of 5, 9, or 15 pixels
respectively. This is equivalent to examining images
at di�erent resolutions. Then the di�erence between
each voxel and its counterpart in the opposite sym-
metrical half is recorded. If that counterpart voxel
falls signi�cantly outside the estimated image gray-
value distribution, i.e. the di�erence is greater than

3, 4, or 5 standard deviations, it is agged as being
signi�cantly di�erent, and again the number of voxels
that pass this threshold test are counted. Finally, a
set of local region statistics are generated by masking
the original image with the threshold images obtained
in the previous step. Intensity means and variances
are then computed over these asymmetrical areas, and
thus pertain only to the local areas where asymmetries
are present. The feature extraction is carried out on
2D half slices, yielding a total of 1250 labeled data
points in a 48-dimensional feature space.

3.3 Searching the Space of Classi�ers

To look for a distance metric in feature space
having locally optimal classi�cation performance we
used a proprietary combinatorial search engine called
\Vizier", implemented at CMU by Moore et al. [14].
A classi�er is de�ned by a distance metric and a
smoothing parameter �. We look for a kernel regres-
sion classi�er that minimizes the leave-one-out cross-
entropy of the training data given the classi�er. The
\Vizier" search engine works by searching through a
large set of possible classi�ers within the user's speci-
�cations, and the search stops when either it exhausts
all the possible choices or a time limit given by the
user is reached. Vizier applies a number of combi-
natorial search algorithms similar to multiple restart
local search, ranging from hill-climbing in metric space
to standard feature selection searches common in the
machine learning literature.

Typically, we run the search for a full hour on
standard high-performance workstations. The output
fromVizier is a speci�cation of the best similaritymet-
ric found so far, consisting of the weight on each input
attribute (a warped/scaled Euclidean space which is a
proper subspace of the original feature space in terms
of dimensions) and the smoothing parameter �.

3.4 Evaluation of Classi�cation Results

Since the search engine yields an \anytime" best
classi�er and contains some non-determinism, the ex-
act classi�er found may vary from run to run. How-
ever, a quantitative measure is used describing its im-
provement over the prediction of the most common
class made by the found classi�er. This score indicates
the discriminating power of the selected features. Dif-
ferent combinations of features can yield the same dis-
criminative power because of the redundancy between
features. One typical run found a classi�er using 9
features out of the original 48, all equally weighted in
the distance metric. A list of the speci�c features is
shown below (given a 2D slice I, its left or right half
IH, the di�erence image D = I � fliplr(I), and the
right or left half of the di�erence image DH):

1. the sequence labeling of 2D slices

2. the mean absolute value of the X direction gradi-
ent of IH

3. the ratio of non-zero pixels remaining in D when
thresholded at 20=255



4. white60 { the ratio of non-zero pixels remaining
in D when thresholded at 60=255

5. the ratio of non-zero pixels remaining in DH
when thresholded at 60=255

6. after Gausian smoothing of image I with � = 5
and computing a new di�erence imageD of I, the
mean of non-zero pixels remaining in DH when
thresholded at 5�

7. after Gausian smoothing of image I with � = 15
and computing a new di�erence image D, the
mean of non-zero pixels remaining in D when
thresholded at 3�

8. after canny-edge the image I with threshold 15
and � = 4, the total number of white pixels in
the top-left quarter

9. let A be the sum of a pixel-wise multiplication of
the absolute value of DH and the absolute value
of vertical gradient of IH, and B be the sum of
the absolute values of DH, then A=B.

Figure 6 displays the ROC curves (true positive
rate / false positive rate) of the chosen classi�er on
classifying 2D half-slices, both for the training data
and the separate test set. As can be seen from the
�gure, the performance on the training set is much
better than the performance on the unseen test-set,
which is to be expected, as we searched to maximize
the former. Thus, reporting performance �gures on
the training data will give optimistic information on
the performance of the resulting classi�ers. The use of
the cost-matrix and such summary graphs provide a
good quantitative overview of the strengths and weak-
nesses of a particular set of selected features. It can
also be used to select an appropriate w value to use
when classifying new, unlabeled images.

Figure 6: ROC curve for 2D classi�cation on training
images using LOO, and on a hold-out testing image set.

Figure 7: 2D classi�cation rates for increasing value of w.
CR: classi�cation rate, TPR: true positive rate, FPR: false
positive rate, FNR: false negative rate, CFR: confusion (on
pathologies) rate.

3.5 Possible Extensions

3.5.1 Layered Classi�ers

It is possible to construct a layered classi�er on top of
the 2D image classi�ers. For example, one can con-
struct a classi�er to determine the pathology class of
a 3D image by using the output of the 2D classi�er as
the input data. For a given 3D image with n 2D half
slices, nN ; nS; nB are the numbers of predicted nor-
mal, stroke and blood classes, where n = nN+nS+nB.
Using ratios of rS = nS=n and rB = nB=n, the image
distribution in this two-dimensional feature space can
be observed in Figure 8. From these feature spaces,

Figure 8: The image points migrate in the two-ratio
space while increasing the false negative penalty value
of the 2D three-class classi�er.

one can observe that separating blood cases from nor-
mal is easy but it is not true for the stroke cases, es-
pecially when the false penalty w for 2D classi�ers is



increased. Though Figure 8 only demonstrates a sim-
ple case, it is conceivable that for more complicated
distributions one can apply the same approach as we
have done with the 2D classi�er on a new feature space
to �nd an optimal classi�er. When we tried this using
the two ratios alone, a classi�er with 50% strength on
feature rS and full strength on feature rB is found, its
true positive rate is evaluated at above 80% on the 3D
image test set.

3.5.2 Query-Dependent Similarity Metric

Our approach is ideally suited to tuning a similar-
ity metric to the speci�c type of query that may be
submitted to the system. As an example, one might
only be interested in �nding whether an image shows
a pathology or not, without regard for the type of
pathology. In this case, the metric that classi�es the
images into normal/pathological might be di�erent
from one that needs to make the additional distinc-
tion between stroke and blood. When we tried this,
the locally optimal classi�er found a di�erent met-
ric than the one from the ternary classi�cation case,
however, they give quantitatively comparable classi-
�cation rates. This result indicates that the features
we used have equivalent discriminating power over the
3-class and the 2-class problems, but one can expect
better performance when the query is \does this image
belong to the blood class?" due to the clear class sep-
aration between blood class and the rest of the classes
in the feature space.

3.6 Image Retrieval

The similarity metric found in image classi�cation
can now serve as an image index vector for retrieving
images by �nding the nearest neighbors in the feature
space, as is conventionally done in content-based im-
age retrieval. However, the dimension of the index
feature vector is now much reduced with respect to
the original feature space.

Figure 9: The mean value of retrieval precision as a func-
tion of the top K retrieved images.

Figure 9 shows the mean retrieval precision rate for
all the hold out test images, one for the three-class
case and one for the two-class case described in the
previous section. The two di�erent optimal metrics

found during classi�cation are used here as the simi-
larity metric for retrieval. One can observe a slightly
better performance for the 2-class than for the 3-class
image set. This is to be expected since 2-class classi�-
cation leaves less space for errors to be made than the
3-class classi�cation problem. However, in this prob-
lem the di�cult class separation is between normals
and strokes, which can be observed from the original
feature values and 2D classi�er output (Figure 8).

Given near 80% precision rate on average, this re-
sult implies that in average 8 out of 10 top ranked re-
trieved images have the same pathology as the query
image. Figures 10 and 11 show two of the best re-
trieved results for pathology cases.

Figure 10: Left most: query image with acute blood. The
�rst nine retrieved half slices follow, from left to right in
descending order of similarity. The pathologies in the re-
trieved images are all acute blood.

Figure 11: Left most: query image with stroke (infarct).
The �rst nine retrieved half slices follow,from left to right
in descending order of similarity. The pathologies in the
retrieved images are: infarct, infarct, infarct, normal, in-
farct, infarct, infarct, normal, infarct.

4 Conclusion and Future Work

From our preliminary study, two stages with �ve es-
sential components have been identi�ed for construct-
ing a classi�cation-driven image retrieval system (Fig-
ure 12). The two stages are (A) o�-line similaritymet-
ric learning (feature selection) and (B) on-line image
retrieval. The �ve essential components are (1) Im-
age preprocessing, (2) Image feature extraction, (3)
Feature selection via image classi�cation, (4) Image
retrieval, and (5) Quantitative evaluation. Though
the two stages share some common components the
goals and constraints di�er. In stage (A) the goal is
to �nd the best and smallest subset of image features
that capture image classes. It requires an explicitly la-
beled image database, and extensive search on a large
feature attribute matrix. High computational speed
is a plus but not necessary. Stage (B), on the other
hand, demands fast retrieval speed and presentation
of retrieved images in addition to a given similarity
metric and a query image.



Figure 12: A basic framework and individual components
for classi�cation-driven image retrieval

In any application domain, coming up with the po-
tential feature set is still an important and not eas-
ily automated step. Candidate features need to be
selected using considerable domain knowledge. One
advantage of classi�cation-driven approach is that us-
ing the classi�cation as a feature screening tool with
the quantitative measurements on classi�cation result,
the e�ort on formating domain speci�c features can be
under control (when more domain knowledge is called
for), or can even be reduced (when to stop). Other
advantages include the capability to access unlabeled
image databases, i.e. an extra step can be added to
classify retrieved un-labeled images (Figure 12).

Future work includes the study of di�erent sets of
most discriminative features for di�erent purposes or
on di�erent subsets of the image database, and dy-
namically switching from one similarity metric to an-
other during retrieval. We expect the similarity met-
rics to vary accordingly, as we have observed in ex-
periments with binary and ternary classes reported in
this paper. We also would like to combine visual fea-
tures with collateral information such as age, sex, and
symptoms of the patient to obtain a better retrieval
rate and faster retrieval speed. Other kind of features
such as eigenfeatures can also be added. The basic
framework presented here has provided us with such
an information fusion capability.
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