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Abstract

Previous research on image retrieval focused on using low-level features like color and

texture with a geometric framework of distances for similarity. A challenging problem is

to find a well-defined formulation that also fuses information from multiple features and

similarity measures. We pose the retrieval problem in a probabilistic framework where the

goal is to minimize the classification error in a setting of two classes: the relevance and irrel-

evance classes of the query. We propose solutions to different levels of the retrieval process

within this framework. Feature extraction and normalization is done by maximizing class

separability. Similarity is measured using likelihood of two images being similar or dissim-

ilar. A key aspect of our framework is a two-level modeling of probability. The first level

maps high-dimensional feature spaces to two-dimensional probability spaces using paramet-

ric density models for features. The second level uses combinations of classifiers trained in

multiple probability spaces and corresponds to a modeling of “probability of probability” to

compensate for errors in modeling probabilities in feature spaces. The Bayesian formulation

also provides a unified framework for fusion of information from different features as well as

support for relevance feedback. Extensive experiments on two ground truth databases show

that the proposed framework performs significantly better than the geometric framework

and two competing algorithms, and achieves almost perfect retrieval.
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I. Introduction

C
ONTENT-BASED image retrieval (CBIR) has become one of the most popular re-

search areas in computer vision. The retrieval process in a CBIR system can be sum-

marized in three levels: pre-processing level (feature extraction and normalization), similarity

level (similarity computation between query and database images), and post-processing level

(iterative retrievals to improve the performance). Initial work on CBIR focused on using low-

level features like color and texture for image representation [1], [2]. More recent approaches

developed region-based query systems that compute features for individual regions found by

segmentation methods like parametric clustering in the color and texture space [3], iden-

tifying the direction of changes in feature values [4], graph-based approaches [5], [6], and

non-parametric clustering [7].

After each image (or region) is associated with a feature vector, the next step is to

find similarities between images (or regions). Despite the enormous amount of work on

developing features, similarity measures have not received significant attention. The most

common approach has been to use the nearest neighbor rule with a distance measure to rank

database images in ascending order of their distances to the query image, which is assumed

to correspond to a descending order of similarity. Popular distance measures have been the

Euclidean (L2) [8], [9], city-block (L1) [10], weighted Euclidean [11], [12], Cauchy [13], and

Mahalanobis [14] distances. However, the nearest neighbor rule suffers from the fact that

low-level features cannot always map visually similar images into nearby locations in the

feature space and images that are quite irrelevant to the query image can be easily retrieved

simply because they are close to it in the feature space.

Another important observation is that different features and different similarity mea-

sures perform differently for different types of images. Therefore, developing a framework
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to combine features and similarity measures looks promising to improve the overall perfor-

mance. Early approaches appended different feature vectors together and treated the result

as a big global feature vector [9]. Other methods include letting the user weight different

features [8], [15], taking linear or Boolean combinations of distances computed using different

features [16], training neural networks in the high-dimensional feature space formed by all

features [17], and boosting multiple classifiers that are trained on individual features [18].

Relevance feedback was also used to iteratively update the weights for individual features

and distances [12], [19]. However, most of the weight assignment and updating has been

done heuristically, and training classifiers and doing estimation in high-dimensional feature

spaces suffered from the curse of dimensionality and required a lot of training data.

We developed likelihood-based similarity measures [20], [21] to overcome the limitations

of distance-based approaches. Moghaddam and Pentland [22] also showed that maximum

likelihood measures can perform much more effectively than the distance-based approaches

in face recognition. Vailaya et al. [23] used Bayesian classifiers to hierarchically classify

images into binary groups. However, this approach assumes that the defined classes (city,

landscape, forest, mountain, sunset, etc.) form a partition of the database and each image

is required to be a member of only one of these groups. When the database gets larger

and becomes more complex, the number of classes to be defined increases, the limit being a

class for each image. Vasconcelos and Lippman [24] proposed such an approach where each

image in the database was assumed to be a class and the goal was to assign the query image

to one of these classes. However, this method is only applicable to certain features that

can be computed for small neighborhoods in an image to have enough data to estimate a

feature distribution for each image separately. Despite the rapidly growing literature, most

of the CBIR algorithms include unjustified heuristics and there is no well-defined formulation
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neither to combine multiple features and similarity measures nor to tune the algorithms in

terms of selecting models, choosing thresholds, etc.

II. Problem Definition

We pose the retrieval problem in a classification framework. The goal is to minimize the

classification error in a setting of two classes: the relevance class and the irrelevance class of

the query. Unlike other approaches where an ambiguity exists about the images that do not

belong to any of the defined classes (city, forest, etc.) [23], or where there are as many classes

as the number of images in the database [25], [24], the binary setting of the relevance and

irrelevance classes unambiguously partitions any database given the query image because the

classes are defined relative to the query image, not to the images in the database. Therefore,

this setting does not require an initial partitioning of the database. Assuming that similar

images have similar feature values and dissimilar images have relatively different feature

values, we base similarity between two images in terms of feature differences. For example,

two images of trees or two images of sunsets can be modeled by the relevance class if they

have similar feature values (i.e. small feature differences). On the other hand, an image of a

tree and a sunset image, or an image of a horse and a building image belong to the irrelevance

class because of large differences in their feature values. Hence, the two-class modeling can

intuitively describe pairwise similarities between different images.

Given the relevance class A, the irrelevance class B, the query image ξi and an image ξj

from the database, the classification error for the image pair (ξi, ξj) is computed as

P (error) =0.5P ((ξi, ξj) assigned to B, (ξi, ξj) belongs to A)+

0.5P ((ξi, ξj) assigned to A, (ξi, ξj) belongs to B).
(1)

Pattern recognition literature provides many choices for a classifier. Since the Bayes classifier

gives the theoretical minimum classification error [26], it is the ideal choice for the classifier.
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Since it uses posterior probabilities to make the decision, the posterior probabilities are the

ideal features for classification. In the two-class problem, the discriminant function can be

represented in the posterior ratio form

∆(ξi, ξj) =
P (A|(ξi, ξj))
P (B|(ξi, ξj))

=
P ((ξi, ξj)|A)P (A)
P ((ξi, ξj)|B)P (B)

(2)

which gives the decision rule

assign (ξi, ξj) to















class A if ∆(ξi, ξj) > 1

class B if ∆(ξi, ξj) ≤ 1.
(3)

Similarity can then be computed using posterior ratios in the probabilistic setting instead of

distances in the feature space in the geometric setting.

After defining the decision rule, the problem becomes finding solutions to different levels

of the retrieval process. First, feature extraction and normalization is done by maximizing

class separability (pre-processing). Second, similarity is measured in terms of the likelihood

of two images being similar or dissimilar, one being the query image and the other one being

an image in the database. We propose a two-level modeling of probability to estimate the

posterior probabilities in (2). In the first level, class-conditional probabilities for feature dif-

ference vectors are computed using simple parametric models. This can also be interpreted

as a mapping from high-dimensional feature spaces to two-dimensional probability spaces.

Then, classifiers are trained in these two-dimensional spaces instead of the high-dimensional

feature spaces. Since these probabilities are only estimates of the true probabilities, the

classifiers trained in the probability spaces implicitly perform a second level modeling of

these probabilities to compensate for errors in modeling probabilities in the feature spaces.

Furthermore, the Bayesian formulation provides a unified framework to combine models es-

timated for multiple feature spaces and multiple classifiers trained on these models. Finally,
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Fig. 1. Main steps of processing in the proposed probabilistic framework and the commonly used geometric
framework.

relevance feedback in terms of user’s labeling of retrieval results as relevant and irrelevant

is incorporated into the Bayesian framework by automatically updating the posterior prob-

ability estimates (post-processing).

Retrieval processes in the proposed probabilistic framework and the commonly used

geometric framework are summarized in Fig. 1. The rest of the paper is organized as fol-

lows. Section III describes feature normalization and a class separability-based criterion to

select a normalization method for a given dataset. Section IV provides models to estimate

the class-conditional probabilities. Section V compares operating in the probability space

to operating in the feature space. Section VI describes a framework to combine multiple

features and similarity models and to support user relevance feedback. Classification and

retrieval experiments on ground truth databases are presented in Section VIII where the pro-

posed probabilistic setting performs significantly better than the commonly used geometric

framework and two competing algorithms. Conclusions are given in Section IX.
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III. Feature Extraction and Normalization

The first step in the retrieval process is image representation. Low-level features have

been the most popular choice because they can be easily computed from raw image data.

Each image in our system is represented by multiple texture and color feature vectors like

line-angle-ratio statistics [27], co-occurrence variances [27], Gabor features [10], moments

features [28], Tamura features [8], and color histograms [29] in the HSV color space. Our

main goal is to develop similarity models so only global low-level features are considered

in this paper. However, all of the algorithms proposed here can be directly applicable to

features computed for image regions.

Each component in these feature vectors represents a different quantity and most of

these components have different ranges. Furthermore, popular distance measures like the

Euclidean distance implicitly assign more weighting to features with large ranges than those

with small ranges. Feature normalization is required to approximately equalize the ranges

of these features and remove the bias in the computation of similarity. In most of the

database retrieval literature, normalization methods were usually not mentioned or only

the Gaussian assumption (linear scaling to unit variance) was used [10], [9], [12]. The

Mahalanobis distance [26] also involves normalization in terms of the covariance matrix.

In [20], [21], we studied the effects of linear scaling to unit range, linear scaling to unit

variance, normalization using the cumulative distribution function, rank normalization, and

normalization by fitting distributions on retrieval performance in terms of precision and

recall. Each feature component was independently normalized to the [0, 1] range and the

best normalization method was empirically chosen as the one that gave the largest precision.

In the following, we use a class separability criterion as part of the classification framework.

Two classical approaches to linear data transformations, the principal components anal-
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ysis and the discriminant analysis, use scatter matrices to find projections that efficiently rep-

resent or efficiently separate the data, respectively. Therefore, scatter information is an im-

portant measure of class separability [26]. Assume we have n data vectors x1, . . . ,xn ∈ R
(q×1)

and m classes C1, . . . , Cm. Let n1, . . . , nm be the number of data vectors assigned to these m

classes. The within-class scatter matrix SW ∈ R
(q×q) measures the scatter of data vectors

around their respective class means and is computed as

SW =
m
∑

i=1

∑

x∈Ci

(x− µi)(x− µi)T (4)

where µi =
1
ni

∑

x∈Ci x. On the other hand, the between-class scatter matrix SB ∈ R
(q×q) is

the scatter of the class means around the total mean and is computed as

SB =
m
∑

i=1

ni(µi − µ0)(µi − µ0)T (5)

where µ0 =
1
n

∑m
i=1 niµi is the total mean.

Possible measures for the “size” of a scatter matrix are the trace and the determinant.

Both measures often give the same results but the latter is invariant to changes in the scale

of the axes [26] so it is preferable over the former. It is also known that the eigenvalues of

SW
−1SB are invariant under non-singular linear transformations of the data. Therefore, an

appealing criterion becomes

ς = log |SW−1(SW + SB)| (6)

where |·| represents the determinant. ς gives a number which is large when the between-class

scatter is large and the within-class scatter is small, and the normalization method that gives

the largest ς is chosen as the best method. (SW
−1SB cannot be used directly because SB

will be singular if either m or n−m is less than or equal to the dimensionality of the feature

space.)
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IV. Similarity Measures

After computing and normalizing the feature vectors for all images in the database, the

next step for retrieval is similarity computation. This section discusses probabilistic and

geometric similarity measures.

A. Probabilistic Similarity Measures

As mentioned in Section II, the choice for the Bayes classifier comes from the fact that it

minimizes the classification error given that we know the true class-conditional distributions

and prior probabilities. However, these distributions are not exactly known in practice but

can be estimated from training data.

Given two images with q-dimensional feature vectors x and y, and their feature difference

vector d = x− y ∈ R
(q×1), the posterior ratio in (2) becomes the likelihood ratio

∆(d) =
p(d|A)
p(d|B) (7)

under the equal priors assumption. The motivation for estimating p(d|A) and p(d|B) in

terms of feature difference vectors comes from the assumption that similarity between images

can be based on the closeness of their feature values, i.e. similar images have similar feature

values (therefore, difference vectors have a small scatter) and dissimilar images have relatively

different feature values (difference vectors have a larger scatter).

A.1 Multivariate Gaussian

The first model assumes that feature difference vectors for the relevance and irrelevance

classes have multivariate Gaussian densities

p(d|A) = p(d|µA,ΣA) =
1

(2π)q/2|ΣA|1/2
e−(d−µA)TΣ−1

A
(d−µA)/2 (8)

p(d|B) = p(d|µB,ΣB) =
1

(2π)q/2|ΣB|1/2
e−(d−µB)TΣ−1

B
(d−µB)/2 (9)
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respectively. Given training feature difference vectors d1, . . . ,dn ∈ R
(q×1), the maximum

likelihood estimates (MLEs) for the sample means µA,µB and sample covariance matrices

ΣA,ΣB are computed using the formulas

µ̂ =
1

n

n
∑

i=1

di and Σ̂ =
1

n

n
∑

i=1

(di − µ̂)(di − µ̂)T (10)

(q is 20 for line-angle-ratio statistics and co-occurrence variances, 60 for Gabor features, 36

for moments features, 4 for Tamura features, and 64 for color histograms). To simplify the

likelihood ratio in (7), we take its logarithm, eliminate some constants, and use

∆′(d) = (d− µA)
TΣ−1

A (d− µA)− (d− µB)
TΣ−1

B (d− µB) (11)

to rank the database images in ascending order of these values which corresponds to a

descending order of similarity.

A.2 Independently Fitted Distributions

Another probability model can be constructed by treating feature components as inde-

pendent, fitting parametric models using the Kolmogorov-Smirnov test statistic [30] as the

goodness-of-fit criterion, and taking the product of these fitted marginal distributions to

compute the joint distributions for relevance and irrelevance classes.

Given training vectors di = (di1, . . . ,diq)
T ∈ R

(q×1), i = 1, . . . , n, we use symmetric1

distributions like Gaussian 1√
2πσ

e−(d−µ)2/2σ2
with MLEs

µ̂j =
1

n

n
∑

i=1

dij and σ̂2
j =

1

n

n
∑

i=1

(dij − µ̂j)
2, (12)

Double Exponential 1
2λ

e−|d−µ|/λ with MLEs

µ̂j = median(d1j, . . . ,dnj) and λ̂j =
1

n

n
∑

i=1

|dij − µ̂j|, (13)

1 Similarity relationship is symmetric. I.e. if image ξi is similar to image ξj , image ξj is equally similar to image
ξi. Therefore, the feature difference values are symmetric around zero.
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or Logistic e−(d−µ)/τ

τ(1+e−(d−µ)/τ )2
with method of moments estimators (MOM)

µ̂j =
1

n

n
∑

i=1

dij and τ̂ 2
j =

3

π2

(

1

n

n
∑

i=1

di
2
j − µ̂2

j

)

(14)

to estimate the marginal distributions for components j = 1, . . . , q. After computing the

joint distributions by multiplying the corresponding marginals, the likelihood ratio can be

simplified by taking logarithms and eliminating constants as

∆′(d) =
1

2

∑

t∈TA

(dt − µAt)
2

σ2
At

+
∑

u∈UA

|du − µAu|
λAu

+
∑

v∈VA

[

(dv − µAv)

τAv

+ 2 log(1 + e−(dv−µAv)/τAv)

]

− 1
2

∑

t∈TB

(dt − µBt)
2

σ2
Bt

−
∑

u∈UB

|du − µBu|
λBu

−
∑

v∈VB

[

(dv − µBv)

τBv
+ 2 log(1 + e−(dv−µBv)/τBv)

]

(15)

where Tc,Uc,Vc, c = A or B are the sets of indices for components with best fits as Gaussians,

Double Exponentials and Logistics for the relevance and irrelevance classes, respectively.

The assumption of independent features is a very strong assumption because features are

usually correlated. Linear transformations, like whitening that makes the components of a

vector uncorrelated or independent components analysis that tries to find the axes on which

data is independent in as many statistical orders as possible, can be used for pre-processing

before fitting distributions to each component. We studied both models but often had over-

fitting problems for high-dimensional feature vectors. This is another example that shows

the problems that can arise when one is operating in the feature space and will be further

discussed in Section V.

A.3 Mixtures of Gaussians

Yet another set of probability models includes mixture densities. We use Gaussian

mixtures with the Expectation-Maximization algorithm [31] to obtain analytical solutions

for parameter estimates and the Minimum Description Length (MDL) principle [32] to find

the covariance structure and the number of components in the mixture model.
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Table I summarizes the MLEs for the parameters of a mixture of m Gaussians

p(d|Θ) =
m
∑

j=1

αjpj(d|θj), αj ≥ 0,
m
∑

j=1

αj = 1 (16)

where θj = (µj ,Σj), Θ = (α1, . . . , αm,θ1, . . . ,θm), and

pj(d|θj) =
1

(2π)q/2|Σj|1/2
e−(d−µj)TΣ−1

j
(d−µj)/2, j = 1, . . . ,m. (17)

The best m can be found as

m∗ = argmin
m

[

1

2
κM log n−

n
∑

i=1

log

(

m
∑

j=1

αjpj(di|µj ,Σj)
)]

(18)

where κM is the summation of the number of free parameters for mixture weights {αj}mj=1,

means {µj}mj=1 and covariance matrices {Σj}mj=1. MDL can also be used to choose the most

appropriate covariance model to a given data. Since we are using both multivariate Gaussian

and Gaussian mixture models to estimate the distribution of the same training data, we want

these two models to have equal number of parameters both for a fair comparison and also

to avoid over-fitting for the mixture model. Equating the number of free parameters in the

multivariate Gaussian model (q+q(q+1)/2) to the number of free parameters in the mixture

model with dimensionality reduced to k using principal components analysis gives

k =































min{−2m+2+3q+q2

4m
, q} if Σj is different and diagonal (σ

2
j I)

−1
2
−m+ 1

2

√

9− 4m+ 4m2 + 12q + 4q2 if Σj is same and full (Σ)

−3m+
√

m2+8m+12mq+4mq2

2m
if Σj is different and full.

(19)

After estimating the mixtures for the relevance and irrelevance classes,

∆′(d) = log

mB
∑

j=1

αBjpBj(d|µBj ,ΣBj)− log
mA
∑

j=1

αAjpAj(d|µAj ,ΣAj) (20)

can be used to rank database images where mA and mB are the number of components in

the mixtures for the relevance and irrelevance classes, respectively.
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TABLE I

Maximum likelihood estimates and the number of free parameters for a mixture of m

Gaussians p(d|Θ) = ∑m

j=1 αjpj(d|µj ,Σj) for the sample d1, . . . ,dn ∈ R
(q×1) where

Θ = (α1, . . . , αm,µ1
, . . . ,µm,Σ1, . . . ,Σm).

Variable Estimate (M-step) # of free parameters

p(j|di,Θ) αjpj(di|µj ,Σj)
∑m

k=1 αkpk(di|µk,Σk)

αj

∑n
i=1 p(j|di,Θ)

n
(m− 1)

µj

∑n
i=1 p(j|di,Θ)di

∑n
i=1 p(j|di,Θ)

mq

Σj = σ2I σ2 =
∑m

j=1

∑n
i=1 p(j|di,Θ)‖di−µj‖2

nq
1

Σj = σ2
j I σ2

j =
∑n

i=1 p(j|di,Θ)‖di−µj‖2

q
∑n

i=1 p(j|di,Θ)
m

Σj = diag({σ2
jk}qk=1) σ2

jk =
∑n

i=1 p(j|di,Θ)(dik−µjk
)2

∑n
i=1 p(j|di,Θ)

mq

Σj = Σ Σ =
∑m

j=1

∑n
i=1 p(j|di,Θ)(di−µj)(di−µj)T

n
q(q+1)

2

Σj , full Σj =
∑n

i=1 p(j|di,Θ)(di−µj)(di−µj)T
∑n

i=1 p(j|di,Θ)
m q(q+1)

2

B. Geometric Similarity Measures

The most commonly used similarity measure in image retrieval has been the nearest

neighbor rule with the Minkowsky Lp metric which retrieves the nearest neighbors of the

query feature vector as the most relevant ones to the query. Commonly used forms of the

Lp metric are the city-block (L1) distance and the Euclidean (L2) distance. Note that the

L1 metric implicitly assumes that the components of the feature difference vector are i.i.d.

Double Exponentials and the L2 metric implicitly assumes that they are i.i.d. Gaussians.

Within our classification framework we use a linear classifier to choose the best p value for

the Lp metric [21]. Given training sets of feature vector pairs for the relevance and irrelevance

classes, distances between these pairs are computed and their histograms are used to select

a threshold for classification. This corresponds to a likelihood ratio test where the class-

conditional densities are estimated by the distance histograms. The p value that gives the

smallest classification error is used as the order of the Lp metric.
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V. Feature Space vs. Probability Space

Sample size is very important in building classifiers. Duin [33] discussed the effects of the

curse of dimensionality and sample size on classification error. Although it was traditionally

thought that it is necessary to fill the feature space with more objects than its dimensionality

to obtain a classifier that can generalize well, he argued that it is possible to build reliable

classifiers in very small sample size problems. He used kernel mapping [33] and prototype

objects [34] to map the high-dimensional feature space to low-dimensional spaces and showed

that it was possible to build reliable classifiers in these new spaces even though the feature

space was sparse.

As discussed in Section II, the proposed probabilistic setting can also be interpreted as

a mapping from the high-dimensional feature space to a two-dimensional probability space.

Therefore, classification can be done either in the feature space using the feature difference

vector d, or in the probability space using the class-conditional probabilities p(d|A) and

p(d|B) as new features. The class-conditional probabilities computed using parametric den-

sity models in the high-dimensional feature space are only estimates of the true probabilities

and include uncertainty themselves (because of imperfect density modeling, quantization,

dimensionality, etc.). However, classifiers trained in the two-dimensional space of class-

conditional probabilities impose a second level modeling of probability, i.e. “probability of

probability”, to compensate for errors in modeling probabilities in the feature space. This

two-level modeling is illustrated with one-dimensional synthetic data in Fig. 2. Classification

error is first computed in the original signal space using a linear Gaussian classifier. Then,

this error is compared to the error computed using a new classifier in the space formed by

the class-conditional probabilities. Even though the final probability of error was still higher

than the true Bayes error, it was always smaller in the probability space than in the original
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signal space in experiments done using different sample sizes.

The pattern recognition literature provides many choices for a classifier. We use Gaussian

linear, Gaussian quadratic, Logistic linear, scaled nearest mean, nearest neighbor, Parzen

window, decision tree, and feed-forward neural network classifiers [35], [36]. In a system with

I feature representations (feature vectors), J probability models and K classifiers, there are

I×J×K possible configurations for classification in the probability space and I×K possible

configurations for classification in the feature space as summarized in Figs. 3 and 4.

VI. Feature and Similarity Combination

Although most of the classifiers may have similar error rates, sets of image pairs misclas-

sified by different classifiers do not necessarily overlap. Classification performance can be

further improved by not relying on a single decision but rather by combining the decisions

made by the individual classifiers. There has been a lot of research on classifier combination

in the handwriting and speech recognition areas. Popular approaches include majority vot-

ing [37], class ranking [38], weighted combination of classifiers [39], and hierarchical multiple

classifiers [40]. However, none of these approaches are applicable when the image retrieval

problem is set as ranking images according to their distances to the query image in the

feature space.

The proposed Bayesian framework provides a natural way to combine multiple mea-

surements on images. Assume that n classifiers with measurement vectors x1, . . . ,xn are

available in our two-class setting. The Bayesian classifier makes the decision as

assign (ξi, ξj) to arg max
c∈{A,B}

p(c|x1, . . . ,xn). (21)

Computing the joint posterior probability p(c|x1, . . . ,xn) may become difficult in a practical

situation with limited training data. Using the equal priors assumption and some approxi-



Aksoy and Haralick: A Probabilistic Similarity Framework for Content-Based Image Retrieval 16

−0.5 0 0.5 1 1.5 2 2.5 3 3.5
0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2

x

p(
x|

cl
as

s)

true A
true B
sample A
sample B

(a) True distributions and 2,500 samples for each of
relevance (blue solid) and irrelevance (red dashed)
classes (Bayes error, Pe = 0.0828)

−0.5 0 0.5 1 1.5 2 2.5 3 3.5
0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2

x

p(
x|

cl
as

s)

true A
true B
fitted A
fitted B

(b) True and estimated distributions for relevance
(blue solid) and irrelevance (red dashed) classes for
a linear Gaussian classifier (black dash-dot) (Pe =
0.0919)

−30 −25 −20 −15 −10 −5 0 5
−6

−5

−4

−3

−2

−1

0

log p(x|A)

lo
g 

p(
x|

B
)

A
B

(c) A linear Gaussian classifier (black dash-dot)
trained in the log-probability space for relevance (blue
plus) and irrelevance (red star) classes (Pe = 0.0879)

0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
0.065

0.07

0.075

0.08

0.085

0.09

0.095

0.1

0.105

sample size

cl
as

si
fic

at
io

n 
er

ro
r

original domain
probability domain

(d) Classification error (y-axis) vs. sample size (x-axis)
for linear Gaussian classifiers trained in signal (solid) and
log-probability (dashed) spaces

Fig. 2. Classification in signal and probability spaces for synthetic data generated using mixtures of three
univariate Gaussians for both the relevance and irrelevance classes. A linear Gaussian classifier is used
for classification in both spaces. Classification errors (Pe) for true or estimated distributions are given in
parentheses. Two-level probability modeling always gave a smaller error.
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Fig. 3. Levels of classification in the feature space for a system with I feature representations and K

classifiers. x represents measurements and d represents feature difference vectors. For each measurement
xi, 1 ≤ i ≤ I, in the feature vector level, K classifiers output the posterior probabilities in xik, 1 ≤ k ≤ K.
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Fig. 4. Levels of classification in the probability space for a system with I feature representations, J
probability models and K classifiers. x represents measurements and d represents feature difference vectors.
In the feature vector level there are I measurements xi, 1 ≤ i ≤ I. Then, J probability models estimate
class-conditional probabilities and map each xi to two-dimensional spaces of measurements xij , 1 ≤ j ≤ J .
Finally, for each xij , K classifiers output the posterior probabilities in xijk, 1 ≤ k ≤ K.

mations [37], the decision rule in (21) can be simplified as follows:

• Product rule: Assuming that the measurements x1, . . . ,xn are conditionally statisti-

cally independent given the class, the decision rule becomes

assign (ξi, ξj) to arg max
c∈{A,B}

n
∏

i=1

p(c|xi). (22)

The conditional independence assumption may not always hold but it gives a practical

approximation and the errors caused by this assumption will not be too severe if

different feature vectors and different classifiers are used in the combination [41].
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• Sum rule: Assuming that the posterior probabilities from individual classifiers will

not deviate dramatically from the corresponding prior probabilities, the decision rule

becomes

assign (ξi, ξj) to arg max
c∈{A,B}

n
∑

i=1

p(c|xi). (23)

This assumption may be unrealistic in some cases but has a low sensitivity to estima-

tion errors [37].

• Max rule: Approximating the sum in (23) by the maximum of the posterior probabil-

ities gives the decision rule

assign (ξi, ξj) to arg max
c∈{A,B}

n
max
i=1

p(c|xi). (24)

• Min rule: Approximating the product in (22) by the minimum of the posterior prob-

abilities gives the decision rule

assign (ξi, ξj) to arg max
c∈{A,B}

n

min
i=1

p(c|xi). (25)

• Median rule: Using the fact that median is a robust estimate of the mean, approxi-

mating the sum in (23) by the median of the posterior probabilities gives the decision

rule

assign (ξi, ξj) to arg max
c∈{A,B}

n

median
i=1

p(c|xi). (26)

• Majority vote rule: If we set each classifier to make a binary decision and vote for one

of the classes, the decision rule becomes

assign (ξi, ξj) to arg max
c∈{A,B}

#{i | p(c|xi) > 0.5, i = 1, . . . , n}. (27)

All of these combination methods are based on the conditional independence assumption.

Furthermore, individual classifiers should not be strongly correlated in their misclassification,

i.e. they should not agree with each other when they misclassify a sample, or at least they
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should not assign the same incorrect class to a particular sample. This requirement can be

satisfied to a certain extent by using different feature vectors and different classifiers [37],

[41]. Since each possible combination of feature vectors, probability models and classifiers

gives a set of posterior probabilities (the final level in Fig. 4), the classifier combination

methods listed above can be directly used to compute the posterior ratio in (2) to arrive at

a final decision about the similarity between images.

VII. Relevance Feedback

The Bayesian framework can also be extended to support the case when positive and

negative feedback from the user is available. Given the original query, the initial search is

done by computing the feature difference vectors between the query image and all images in

the database, and then ranking images according to the posterior ratios ∆ = p(A|ξ(0))

p(B|ξ(0))
where

ξ(0) represents the measurements based on the initial query image.

A. Positive Feedback

When the user labels an image as relevant, new feature difference vectors between the

labeled image and all images in the database are computed and the images are re-ranked

according to the updated posterior ratios ∆ =
p(A|ξ(0),ξ

(1)
+ )

p(B|ξ(0),ξ
(1)
+ )
=

p(ξ
(1)
+ |A)p(A|ξ(0))

p(ξ
(1)
+ |B)p(B|ξ(0))

where ξ
(1)
+ repre-

sents the new measurements based on the first positive feedback image. Given a sequence of

n images labeled as relevant, the updated posteriors are incrementally computed using the

conditional independence assumption as

p(A|ξ(0), ξ
(1)
+ , . . . , ξ

(n)
+ ) ∝ p(ξ

(n)
+ |A)p(A|ξ(0), ξ

(1)
+ , . . . , ξ

(n−1)
+ ) (28)

p(B|ξ(0), ξ
(1)
+ , . . . , ξ

(n)
+ ) ∝ p(ξ

(n)
+ |B)p(B|ξ(0), ξ

(1)
+ , . . . , ξ

(n−1)
+ ) (29)

where ξ
(n)
+ represents the measurements based on the n’th positive feedback image.
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B. Negative Feedback

When the user labels an image as irrelevant, search proceeds by computing new feature

difference vectors as above but the posteriors are updated differently. The strength of the

evidence of two images being relevant is a negative evidence that they are irrelevant. There-

fore, the likelihood of a database image being relevant to a negative example also represents

its likelihood of being irrelevant to the user’s desired image. Given an additional sequence

of m images labeled as irrelevant, the posteriors are updated as

p(A|ξ(0), ξ
(1)
+ , . . . , ξ

(n)
+ , ξ

(1)
− , . . . , ξ

(m)
− ) ∝ p(ξ

(m)
− |B)p(A|ξ(0), ξ

(1)
+ , . . . , ξ

(n)
+ , ξ

(1)
− , . . . , ξ

(m−1)
− ) (30)

p(B|ξ(0), ξ
(1)
+ , . . . , ξ

(n)
+ , ξ

(1)
− , . . . , ξ

(m)
− ) ∝ p(ξ

(m)
− |A)p(B|ξ(0), ξ

(1)
+ , . . . , ξ

(n)
+ , ξ

(1)
− , . . . , ξ

(m−1)
− ) (31)

where ξ
(m)
− represents the measurements based on the m’th negative feedback image.

Vasconcelos and Lippman [42] and Cox et al. [25] proposed similar feedback algorithms

but the former used only one kind of feature vector and the latter used only positive feedback

with feature vector combination performed as a weighted sum of L1 distances. Furthermore,

the former used as many classes as there are images in the database and having too many

classes caused estimation problems for the likelihood based on negative examples.

VIII. Experiments

The proposed classification framework was evaluated using two ground truth databases.

The first database contained 736 texture images from the MIT Media Laboratory’s VisTex

Database with a ground truth of 46 categories with 16 images in each category. Smaller parts

of this dataset were used by many researchers (e.g. [12]). The second database came from the

COREL Photo Stock Library with a total of 1,575 images divided into 18 categories including

animals, nature scenes, buildings, airplanes, cars, etc. Approximately one-third of all images

were used for training and the remaining two-thirds were used for testing by finding random
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pairings for both relevance and irrelevance classes. We used classification error (defined

in (1)), precision (defined as the percentage of retrieved images that are actually relevant)

and recall (defined as the percentage of relevant images that are retrieved) as quantitative

evaluation criteria. (Databases and experiments are described in detail in [35].)

A. Classification Performance

The first set of experiments was done to find the best performing normalization method.

The methods in Section III were used to normalize the components of all feature vectors with

class separability computed for each case. In these experiments each ground truth group was

considered a class for a particular database. Even though there was no single best method,

normalization after fitting distributions (done by fitting Gaussian, Lognormal, Exponential

and Gamma densities to random samples from feature difference distributions, and scaling

and truncating the features at the 99% cut-off values of the fitted distributions so that each

feature component has the same range [21]) was usually among the best. These classification

results were also consistent with the retrieval results using different normalization methods

with individual feature vectors. Therefore, class separability appears to be an effective

measure for choosing the normalization method that gives the best retrieval performance and

this fact strengthens our motivation for a classification-based framework for image retrieval.

After all feature vectors were normalized, we did experiments to evaluate performances of

using classifiers trained in high-dimensional feature spaces vs. ones trained in two-dimensional

probability spaces. Example plots of the class-conditional log-probabilities for the relevance

and irrelevance classes and the decision boundaries for some of the classifiers are shown in

Fig. 5. These plots correspond to the measurements denoted by xij in Fig. 4. We can see

that these mappings to the two-dimensional probability spaces result in a good separation

of the relevance and irrelevance classes and this separation can be easily captured by simple
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linear or quadratic classifiers. Classification results using testing data are summarized in the

top-left sections of Tables II and III and in Table IV. Gabor and color histograms performed

better than other feature vectors. Simple classifiers (like logistic linear or Gaussian quadratic

classifiers) trained in probability spaces performed much better than the non-linear classifiers

(like Parzen, decision tree and neural network classifiers) in the feature spaces. This is a

very useful result because it allows us to do effective classification by training only simple

classifiers in the probability space. (These results also agree with those of Duin [33].)

Using mixtures of Gaussians did not give an improvement over the single multivariate

Gaussian case. This was because of the difficulties in estimating multivariate distributions in

high-dimensional spaces from small amounts of data where one component usually dominated

the others. The multivariate Gaussian model also performed better than the independently

fitted distributions model because of its handling of the correlations between features. Its

significant performance shows that simple models are worth trying before using any of the

more complex models because they are often quite effective, do not require extra effort to

tune in too many parameters, and do not suffer from the local extrema and convergence

problems that may exist in the estimation of more complex models.

As the final set of classification experiments, we evaluated the performances of combina-

tions of classifiers trained on multiple probability spaces corresponding to multiple feature

vectors and probability models. Results are summarized in Tables II and III. Combining

outputs of a particular classifier trained on multiple probability spaces corresponding to dif-

ferent feature vectors performed better than the cases without combination or when outputs

of different classifiers trained on the same probability space were used (there is a higher risk

of violating the conditional independence assumption in the latter case). The most successful

combination rule was the product rule with logistic linear or Gaussian quadratic classifiers.
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Fig. 5. Class-conditional log-probabilities for different feature vectors (LC: line-angle-ratio statistics and
co-occurrence variances, G: Gabor, M: moments, T: Tamura, CH: color histograms). Multivariate Gaussian
model (MVG) was used to map features to probability spaces. X-axis shows log-probabilities for the relevance
class and y-axis shows log-probabilities for the irrelevance class. Red star symbols represent training data
for the relevance class and blue plus symbols represent training data for the irrelevance class. Solid line is
the Gaussian linear classifier, dashed line is the Gaussian quadratic classifier, and dash-dot line is the logistic
linear classifier.
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TABLE II

Classification in the probability space for the VisTex database. Each number corresponds

to the percent classification error for the testing dataset based on the measurements

denoted by xijk in Fig. 4. Top-left section shows classifiers trained on individual feature

vectors mapped using the multivariate Gaussian model. Top-right section shows combining

a particular classifier for all feature vectors. Bottom-left section shows combining all

classifiers for a particular feature vector. Bottom-right section shows combining all

classifiers for all feature vectors. The best model is underlined for each case.

Feature vectors Combination rules
Classifiers LC G M T CH Prod Sum Max Min Med Maj

Gaussian linear 24.78 9.45 24.18 21.47 14.22 5.66 8.58 5.50 5.50 11.57 9.73
Gaussian quadratic 15.76 9.76 15.90 19.46 6.78 5.25 3.41 10.11 10.11 5.38 4.78
Logistic linear 15.18 6.02 15.25 16.49 5.84 3.11 3.41 5.61 5.61 4.33 4.59
Scaled nearest mean 29.39 12.33 29.53 21.35 16.97 8.62 8.80 11.86 11.86 12.14 10.91
Nearest neighbor 22.45 9.25 20.85 22.87 8.51 5.98 6.68 6.67 6.67 7.42 9.20
Parzen 17.00 8.78 16.03 16.76 6.42 7.73 4.34 9.26 8.92 4.83 5.42
Binary decision tree 22.86 9.14 21.01 23.53 9.22 5.97 6.33 9.05 9.05 7.00 9.38

B
a
si
c
cl
a
ss
ifi
er
s

Neural network 15.63 6.91 15.50 16.29 5.70 3.32 3.43 4.92 4.92 4.52 4.90
Product 16.80 6.08 16.11 18.23 6.64 2.88
Sum 17.16 6.13 16.35 18.25 6.53 4.53
Max 16.29 7.50 15.74 17.88 6.59 8.87
Min 16.29 7.50 15.74 17.88 6.59 8.87
Median 19.20 6.11 17.04 18.91 6.73 6.83

C
o
m
b
.
ru
le
s

Majority vote 17.78 7.60 16.55 17.65 6.14 6.65

TABLE III

Classification in the probability space for the COREL database. Structure of the result

matrix was described in Table II.

Feature vectors Combination rules
Classifiers LC G M T CH Prod Sum Max Min Med Maj

Gaussian linear 32.59 26.77 31.86 36.04 18.45 15.57 16.75 16.52 16.52 21.27 19.33
Gaussian quadratic 34.05 26.63 33.00 37.62 17.32 15.11 14.71 17.32 17.32 23.96 21.70
Logistic linear 30.25 24.93 30.59 35.80 17.23 14.48 14.62 17.35 17.35 17.75 17.67

B
a
si
c

cl
a
ss
ifi
er
s

Scaled nearest mean 42.90 40.09 40.62 35.02 35.19 24.51 24.01 27.79 27.79 26.88 26.27
Product 32.12 25.87 31.52 35.34 17.79 14.91
Sum 32.15 25.87 31.51 35.36 17.80 15.54
Max 31.41 25.50 31.02 34.73 17.93 17.07
Min 31.41 25.50 31.02 34.73 17.93 17.07
Median 32.54 26.21 31.86 36.04 18.55 21.25

C
o
m
b
.
ru
le
s

Majority vote 32.54 26.21 31.86 36.04 18.55 20.69

TABLE IV

Classification in the feature space. Each number corresponds to the percent

classification error for the testing dataset based on the measurements denoted by xik in

Fig. 3. The best model is underlined for each case.

VisTex database COREL database
Classifiers LC G M T CH LC G M T CH

Gaussian linear 46.34 46.79 47.41 46.38 45.18 49.34 49.52 49.44 49.45 49.36
Gaussian quadratic 21.01 14.80 19.36 17.15 9.43 33.52 27.92 32.72 34.03 20.23
Logistic linear 46.37 46.82 47.39 46.38 45.20 49.34 49.51 49.44 49.45 49.36
Scaled nearest mean 45.26 46.77 46.85 46.53 43.66 49.23 49.35 49.28 49.34 49.08
Nearest neighbor 20.00 6.36 16.73 22.38 6.42
Parzen 19.75 6.29 15.23 16.12 6.33
Binary decision tree 9.10 18.70 9.50
Neural network 16.57 11.70 15.43 17.96 10.23
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B. Retrieval Performance

The first set of retrieval experiments evaluated using individual feature vectors with the

probabilistic and geometric similarity measures of Section IV. The results were consistent

with those of the classification experiments. Likelihood-based measures always performed

significantly better than the Minkowsky metrics. The most successful similarity model was

again the multivariate Gaussian. The best features were the Gabor and color histograms.

The second set of experiments consisted of using combinations of classifiers trained on

multiple probability spaces. Results, as summarized in Fig. 6, showed that the classifier

combination models that performed the best in classification experiments consistently gave

better results than other models in retrieval experiments. The reasons for relatively low

precision in the low recall parts of some COREL precision-recall curves were the relatively

small training dataset and the small number of classifiers used during combination. Since

the testing and training sets were different, the query images could not always be retrieved as

the very top images in the retrieval set and we could not have a perfect retrieval when only a

few images were retrieved. However, the precision-recall curves stayed flat for a large range

of recall because the classifiers consistently retrieved more relevant images compared to the

cases without combination. Using two-thirds of the whole data for training and one-third for

testing slightly improved the results. The best performing combinations were the product

and max rules with logistic linear classifiers. Combining the outputs of all classifiers for all

feature vectors did not give much improvement and was not worth the heavier computation.

We also compared the proposed framework to other methods. Since our goal was to

combine multiple features and incorporate relevance feedback for interactive retrieval, we

chose the MARS [12] and ETHZ [43] models as the competing algorithms. MARS uses

weighted linear combinations of multiple feature vectors and Euclidean distance values where
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(j) COREL: All combined

Fig. 6. Retrieval performance in terms of precision (y-axis) and recall (x-axis) by combining the outputs
of a particular classifier for all feature vectors (Figs. (a)-(d) and (f)-(i)) and combining the outputs of all
classifiers for all feature vectors (Figs. (e) and (j)). Multivariate Gaussian was used as the similarity model
for all features. Different curves within the same plot represent the classifier combination methods: product
rule (black pentagram), sum rule (red circle), max rule (blue square), min rule (green diamond), median
rule (magenta triangle), and majority vote rule (cyan plus).
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(b) COREL: Comparison

Fig. 7. Retrieval performance in terms of precision (y-axis) and recall (x-axis) by the combined classifiers
model (black pentagram), the MARS model (red circle) and the ETHZ model (blue square). The classification
framework proposed in this paper performed significantly better than the competing algorithms.

the weights can be updated using user’s feedback. The ETHZ model clusters vectors in each

feature space and uses a naive Bayes network with discrete probability tables to compute the

probability of an image being similar to the query given the cluster labels for all features for

that image. ([43] used feature vectors computed for each pixel for pixel level classification and

we used the feature vectors listed in Section III for image level classification.) Searching starts

with uniform priors and relevance feedback is used to update the conditional probabilities

using relative frequencies. Precision-recall curves are given in Fig. 7. Our probabilistic

framework performed significantly better than the competing algorithms.

The final set of experiments was done to simulate relevance feedback iterations for all

test images. Since our user interface shows the top 12 matches on the first screen, we used

the feedback available from only the top 12 images in iterative retrievals. Each test image

was used as a query and the retrieved images that belonged to its ground truth group were

fed back as positive matches and the rest of the 12 were fed back as negative matches.

Table V shows that each iteration improved over the case without feedback while the first
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TABLE V

Average precision when 12 images were retrieved using different feedback models. “n

r.f.” represents the n’th feedback iteration. Improvements for each iteration over the

case without feedback (0 r.f.) are given in parentheses. Bayesian relevance feedback

achieved almost perfect retrieval.

Database Method 0 r.f. 1 r.f. 2 r.f. 3 r.f. 4 r.f.

VisTex Bayesian 0.9879 0.9945 (0.66%) 0.9946 (0.68%) 0.9946 (0.68%) 0.9946 (0.68%)
MARS 0.8225 0.9078 (10.38%) 0.9220 (12.10%) 0.9206 (11.94%) 0.9230 (12.22%)
ETHZ 0.7773 0.8946 (15.09%) 0.9134 (17.51%) 0.9293 (19.56%) 0.9348 (20.26%)

COREL Bayesian 0.8342 0.9113 (9.24%) 0.9363 (12.24%) 0.9407 (12.77%) 0.9421 (12.93%)
MARS 0.7860 0.7441 (-5.34%) 0.7612 (-3.16%) 0.7716 (-1.83%) 0.7894 (0.42%)
ETHZ 0.5757 0.7492 (30.12%) 0.7809 (35.63%) 0.8081 (40.36%) 0.8282 (43.85%)

iteration had the largest improvement. This is a desired situation because many relevant

images are already available to the user after the first feedback. We achieved almost perfect

retrieval (precision above 99%) for the VisTex Database and a significant improvement for

the COREL Database. Both MARS and ETHZ models also showed improvements for the

VisTex Database but the former gave worse results for the COREL Database. The ETHZ

model gave large improvements in subsequent iterations but required more iterations than

others. However, it was more robust than the MARS model because it also used probabilities

instead of heuristic weight assignments in the geometric similarity framework.

Example queries are given in Figs. 8–11. More examples and the details of the experi-

ments can be found in [35].

IX. Conclusions

Numerous feature extraction methods and similarity measures have been proposed in the

literature but there is currently no generally applicable, well-defined and effective method-

ology to design a content-based image retrieval system. We posed the retrieval problem in a

two-class classification framework where the goal was to minimize the classification error be-

tween the relevance and irrelevance classes of the query. We developed solutions to different

levels of the retrieval process within this framework. Feature extraction and normalization
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(a) Color histograms and Lp metric
(8/12)

(b) Color histograms and multivari-
ate Gaussian (10/12)

(c) Combined classifiers (12/12)

Fig. 8. An example query of leaves from the VisTex Database. The first three rows in the user interface show
the best 12 matches and the last row shows the worst 4 matches. Numbers in parentheses in sub-captions
show the number of correct matches for each case. Different types of leaves could not be distinguished when
only color features were used but combined classifiers achieved perfect retrieval.

(a) Gabor features and Lp metric
(4/12)

(b) Gabor features and multivariate
Gaussian (8/12)

(c) Combined classifiers (12/12)

Fig. 9. An example query of glaciers and mountains from the COREL Database. Glaciers, beaches and auto
racing images were retrieved together when only Gabor texture features were used but combined classifiers
achieved perfect retrieval.

was done by maximizing class separability (pre-processing). Similarity was measured in

terms of the likelihood of two images being similar, one being the query image and the other

one being an image in the database. Class-conditional probabilities for feature difference

vectors were estimated using parametric models like multivariate Gaussian, independently

fitted distributions, and Gaussian mixtures. This setting could also be interpreted as a

mapping from high-dimensional feature spaces to two-dimensional probability spaces where
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(a) Color histograms and Lp metric
(3/12)

(b) Color histograms and multivari-
ate Gaussian (9/12)

(c) Combined classifiers (12/12)

Fig. 10. An example query for fields from the COREL Database. Fields and auto racing images were
retrieved together when only color features were used but combined classifiers achieved perfect retrieval.

(a) Color histograms and multivari-
ate Gaussian (1/12)

(b) Combined classifiers (no feed-
back) (6/12)

(c) After the first feedback (12/12)

Fig. 11. An example query for sunsets from the COREL Database. Sunsets and residential interiors were
retrieved together when only color features were used. Combined classifiers improved the results but retrieved
some polar bears instead. Perfect retrieval was achieved with the first feedback iteration after submitting
polar bears in (b) as negative examples. Note that the new row of 4 worst matches in (c) includes polar
bears as the most irrelevant images to the query.

the Bayes classifier achieves the theoretical minimum classification error. However, the es-

timated probabilities also had uncertainty due to factors like imperfect density modeling,

quantization, high dimensionality, etc. To compensate for errors in modeling probabilities in

feature spaces, we proposed a second level modeling as the “probability of probability”. Sim-

ple linear or quadratic classifiers were trained in two-dimensional probability spaces with the

class-conditional probabilities being new features. These classifiers performed much better
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than the complex non-linear classifiers trained in the original feature spaces. Furthermore,

we used Bayesian combination rules to compute joint posterior probabilities for relevance and

irrelevance classes based on classifiers trained in multiple probability spaces corresponding

to multiple features. This Bayesian formulation provided a unified and effective framework

for fusion of information from different features and similarity measures. Finally, relevance

feedback in terms of user’s labeling of retrieval results as relevant and irrelevant was incor-

porated into the Bayesian framework by automatically updating the posterior probability

estimates (post-processing).

Extensive experiments on two ground truth databases showed that the proposed proba-

bilistic framework performed significantly better than the commonly used geometric frame-

work of distances and two other competing algorithms. Effectiveness of simple classifiers

and Bayesian relevance feedback in improving the retrieval results illustrated the power of

the probabilistic framework which simplified the problem and allowed the estimation of less

complex yet more powerful models in multiple levels.
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