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Abstract. Many image classification problems can fruitfully be thought
of as image retrieval in a ”high similarity image database” (HSID) char-
acterized by being tuned towards a specific application and having a high
degree of visual similarity between entries that should be distinguished.
We introduce a method for HSID retrieval using a similarity measure
based on a linear combination of Jeffreys-Matusita (JM) distances be-
tween distributions of color (and color derivatives) estimated from a set
of automatically extracted image regions. The weight coefficients are es-
timated based on optimal retrieval performance. Experimental results on
the difficult task of visually identifying clones of fungal colonies grown in
a petri dish and categorization of pelts show a high retrieval accuracy of
the method when combined with standardized sample preparation and
image acquisition.

1 Introduction

Ever since the early 1970’s the rapid increase in the number and size of digital
collections, for describing and storing video and image data, has stressed the
importance of efficient and fast methods for searching and querying. Up until
today, different solutions to these problems have been proposed, directed by
specific needs offered by specific applications [1, 3, 4, 9–11]. They span over a large
variety of domains, from being specific to the more general (e.g fingerprints and
photographs). While the solutions most often address the problem of retrieving
images from high-diversity databases, this paper will draw the attention towards
databases with entries having low degree of diversity. We categorize the image
databases in two main categories: ”Low Similarity Image Databases” (LSID)
and ”High Similarity Image Databases” (HSID), focusing on the latter.

The problem of retrieving images from a HSID will be illustrated by two
examples: Identification and retrieval of 1) fungal colonies, and 2) Scanbrown
mink pelts. In both cases acquisition procedures has been applied [8] fulfilling
the requirements described in section 2.
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2 Density-based image retrieval

Working successfully with HSID’s means having more restrictions put on the ac-
quisitions steps involved. Retrieving entries based on subtle differences, require
the control of all influencing parameters involved in the acquisition process to
reduce unnecessary variation that could affect the retrieval performance. The
sample preparation and presentation procedures has to be standardized and well-
defined. Image acquisition is standardized by color and geometric calibrations,
and by using an optimal illumination geometry. By region extraction computa-
tions are focused to consistently defined regions within the image, from which
features are extracted. For most HSID’s a priori knowledge has to be used in this
process. By proper choice of region extraction it is possible to describe some of
the spatial relations. Finally, the region-by-region similarity is compared across
all images. We propose a method in which we make a classification based on
distributions of the observations extracted from these regions.

It is important to notice, that the standardizations applied in the acqui-
sition procedures will affect the choice of features in such a way that a good
standardization will simplify the features necessary.

2.1 Density estimation

Given N sample images containing K consistently defined regions. Each region,
k, contain Mk observations based on L features, xm,k = {x1, . . . , xL}, describing
a certain property on which segregation can be made. From each region, k, the
output of the feature extraction is a matrix of observations, Xk ∈ RM×L. To
illustrate the use of indices (see Figure 1), N could be the number of images in a
HSID database, K a number of consistently defined regions, Mk the number of
pixels within each region, k, and finally, xm,k would be a vector of L pixel-specific
values, e.g. red, green and blue (L = 3).

In the simple case we have M = 1 observations within each region, and Xk is
a vector of K features. If M > 1 we seek a compact representation. This is done
by estimating the feature distributions for all regions, either by a parametric,
nonparametric or combined approach.

2.2 Similarity estimation

The difference or (dis-)similarity between two images, i and j, evaluated by
one of the consistently defined regions, k, can be expressed as a distance, dij,k,
calculated between the feature distributions, Xi,k and Xj,k (see Figure 1 for
illustration). The distances between all regions can then be summarized by the
vector, dij = (dij,1, . . . , dij,K)t, representing the overall similarity between all
corresponding regions (low distance = high similarity). If a database contain
many entries the parametric approach could serve as a rough ”model”, return-
ing a list of suitable candidates, and the nonparametric approach for the final
evaluation. If dqi is the distance vector between features extracted from a query
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Fig. 1. Illustration of the principle of the density estimation. The similarity between
two images, i and j, evaluated by one of the consistently defined regions, k, can be
expressed as a distance, dij,k, calculated between the feature distributions, X i,k and
Xj,k.

image, q, and the i’th entry in the database, the problem of retrieving images is
now reduced to compare the vectors

dqi, i = 1, . . . , N (1)

which may be condensed to one overall similarity by

g : dqi �→ dqi (2)

where, g, can be any mapping suitable (e.g. convex linear combination, the p-
norm, ||·||p, etc.). The performance of the retrieval system depends on the feature
representation and the matching scheme employed. In general, g is a function
condensing significant information contained in dqi, and a natural choice is the
convex linear combination

dqi = g(dqi;w) = wtdqi =
∑
k

wkdqi,k (3)

where 0 ≤ wk ≤ 1.w may be chosen in such a way, that regions contributing with
generally more information should have higher weights than those contributing
with less. Equation 3 may, if necessary, be extended to a full metric.

3 Similarity evaluation

In literature different distance metrics, has been proposed [1]. The Jeffreys-
Matusita distance (JM-distance) has shown to provide a reliable criteria, as
measure of class separability [2]. For two feature distributions pi(x) and pj(x),
the JM-distance, Jij , is given by

Jij =

[∫
x

(√
pi(x)−

√
pj(x)

)2

dx

]1/2

(4)

1100 M.E. Hansen and J.M. Carstensen



and may be rewritten as

Jij =
√

2(1− e−αij ) Jij ∈
[
0;
√

2
]

(5)

where αij is the Bhattacharyya distance [5] computed as

α2
ij =

1
8

(µ̂j − µ̂i)
t
Σ̂−1 (µ̂j − µ̂i) +

+
1
2

ln
|Σ̂|√

|Σ̂i||Σ̂j|
, Σ̂ =

Σ̂i + Σ̂j

2
(6)

when assuming normality. Using the JM-distance in this context, the distance
vector between regions is

dij = J ij (7)

To retrieve an image we need a scheme for selection, based on similarities. One
option could be to use the k-nearest neighbor selection criteria [7].

4 Region-weight estimation

From Equation 3, the essential question is how to chose the weights, w. We
propose a method to estimate ŵ, based on optimal retrieval performance. The
optimization is done based on a training set (of M images) with a priori knowl-
edge about common relations. First, we define the class correspondence matrix as
C ∈ RM×M , explaining the correspondence between each combination of pairs
of images (i, j) in the database, where

cij =
{

1 if image i = image j
−1 if image i �= image j (8)

In the case of optimal retrieval performance, validation would give us a classi-
fication scheme with relations given by C, and this matrix describe the ground
truth. Next, the distance between each of the entries in the database is estimated,
and the resulting matrix is then given by D = {dij}. We assume, that C and
D are symmetric. Finally, the objective is to find the set of weights, ŵ, that
optimizes

ŵ = (ŵ1, ŵ2, . . . , ŵk)t = arg max
w

[Φ (D,C;w)] (9)

where Φ is the performance evaluation function. This function could be anything
from retrieval percentage to an overall difference in distances between equal
images. Common for all is that the estimation of ŵ is based on the ground truth
C and the weighted similarity between entries, D. A proper choice of Φ is the
function

Φ (D,C;w) =
−2

M(M − 1)

M∑
i=1

M∑
j<i

cijw
tdij (10)

that maximizes the average distance between groups of similar and non-similar
entries.
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5 Experimental section

(a) Mink pelts (b) Fungal cultures

Fig. 2. Domains of images to be indexed. 2(a): Only one region, K = 1, is used. 2(b):
For K = 1 the whole area is used (ŵ = w1 = 1.0), and for K > 1 the distance from
the center to the area is increasing for higher indices.

5.1 Query of mink pelt images

700 mink pelts of the type Scanbrown were scanned [8]. Seven classes are given,
characterized by seven different nuances of brown: xxdk, xdk, dk, medium, pale,
xpale, and xxpale - 100 pelts from each class. The pelts were selected to capture
the full variation within each class. The goal is to measure the ”pelts color”
defined by the industry and maintained by a set of highly trained and calibrated
human sorters. The procedure of educating human sorters may take up to three
years, so having an automated and objective system for scoring pelts is apprecia-
ble. ”Pelts color” should ideally be uncorrelated with hair length, hair density,
hair direction, gloss and other disturbances.

After acquisition, each of the pelt images were analyzed based on the RGB
channels. One single region (K=1) was used (see Figure 2(a)), and from this the
feature distribution were estimated as described in Section 3.

In Figure 3 the retrieval performance based on a leave-one-out experiment
using the k-nearest neighbor as selection criteria is plotted. Here we see, that
the retrieval performance of the HSID is above 96% in the best cases (xxpale)
and approximately 75% in the most difficult ones (xxdk and xdk). If the number
of neighbors used in the query is increased we observe an increase in overall
performance (see Figure 3(b)).

5.2 Query of fungal images

A last example will be taken from the world of microbes. Here Penicillium com-
mune [13, 12] is the most frequently occurring spoilage fungi on cheese. In work-
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Fig. 3. Plots of the retrieval performance as function of the k-nearest neighbour, for
each of the different nuances 3(a) and the average 3(b).

ing with these isolates, it was noticed that different isolates on identification
media had slightly different appearance. It was the aim to design a content
based HSID retrieval (fungal identification) system, based on visual features.
Figure 2(b) show the result after pre-processing of the acquired images of the
cultures. The images were segmented into a number of concentric regions1, and
features were extracted describing both color and texture within these regions
[6]. In this context, texture is defined as the radial and angular ”rippled-ness”
according to a center at the inoculation point. Based on the gradients

∇I(x)|circular = Γ · ∇I(x)|cartesian (11)

where

∇I(x)|cartesian =
[ δI
δx1
δI
δx2

](
=

δI

δx1
x̂1 +

δI

δx2
x̂2

)
(12)

is the ordinary gradient operator in rectangular coordinates and Γ is the rotation
matrix

Γ =
[

cos θ − sin θ
sin θ cos θ

]
(13)

in these directions, we now have a set of additional features for each pixel giving
us a distribution of features for each region.

From each of the regions, the features were extracted, the mean and disper-
sion were estimated and the distances between the distributions estimated.

Table 1 (left) show the retrieval performance based on a leave-one-out experi-
ment using the 1-nearest neighbor as selection criteria. First the average distance
between regions was considered, according to Equation 3. Second, weights were
1 The regions near the center of the colony is older than those closer to the edge.
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optimized using Equation 10. We see, that the method has high performance,
increasing with the number of regions. Though it seems, that we have a drop in
performance, when using the average distances of 6 regions, we notice that the
tendency gets to be the same when optimized weights. These weights are listed

Mean Optimized
Regions, K Φ RR Φ RR

1 1.12 94.5% 1.13 94.5%
2 1.17 98.2% 1.18 98.2%
3 1.19 99.1% 1.20 99.1%
6 1.22 98.2% 1.23 99.1%

Weights
Regions, K w1 w2 w3 w4 w5 w6

1 1.00 − − − − −
2 0.71 0.29 − − − −
3 0.28 0.54 0.18 − − −
6 0.00 0.38 0.38 0.00 0.13 0.13

Table 1. Left: Table showing the difference between the JM-distance for identical and
different images using and optimized weights on a different number of regions, and the
retrieval rate. Right: Table showing optimized weights achieved by the optimization
procedure.

in Table 1 (right). We conclude, that some of the regions has a larger influence
on the result than others.

6 Discussion

We have introduced the term High (and Low) Similarity Image Databases (LSIDs
and HSIDs) as a basic concept for handling different image classification prob-
lems. We have presented a method for retrieving similar images from HSID’s
using a similarity metric based on a linear combination of Jeffreys-Matusita
(JM) distances, computed on a set of features extracted from consistently de-
fined image regions. Weight coefficients can be estimated based on optimizing
the retrieval performance.

The method has proven to have a high performance on both sets of images ac-
quired of fungal colonies and Scanbrown pelts. These results are important, since
the retrieval rates are significantly higher in the case of fungal identification, and
almost as high in the case of scoring pelts, compared with the performance of hu-
man observers. Hereby it is made possible to accumulate and retrieve important
information about fungal and mink pelt color expression in a HSID.

The JM distance between a set of distributions, is based on the assumption
normal distributed observations. An improvement of the method could be to
calculate the JM-distance, based on a non-parametric density estimation and
use the normal assumption as a first guess to pick out relevant candidates.
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