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Abstract—In most of the conventional image retrieval
systems, the Euclidean distance is used in order to com-
pare image features. However, in the Euclidean distance, 1
(which means the feature is included) and 0 (which means
the feature is not included) are treated equally. In this pa-
per, we propose a similarity-based image retrieval by self-
organizing map with refractoriness using new distance be-
tween images features. We carried out a series of com-
puter experiments and confirmed the effectiveness of the
proposed system.

1. Introduction

Recently, some similarity-based image retrieval systems
which make use of the flexible information processing abil-
ity of artificial neural networks have been proposed[1]-[7].
Most of these systems use the Euclidean distance in order
to compare image features. However, in the Euclidean dis-
tance, 1 (which means the feature is included) and 0 (which
means the feature is not included) are treated equally.

In this paper, we propose a similarity-based image re-
trieval by self-organizing map with refractoriness using
new distance between images features.

2. Image Features

Color, color and size of artifacts, shape (dis-
tance from circumcircle)[8], SIFT (Scale-Invariant Fea-
ture Transform)[9], HOG (Histograms of Oriented
Gradients)[10], spectrum, LBP (Local Binary Pattern)[11]
and keywords are used as image features.

2.1. Color

Each image is divided into some regions by the K-means
algorithm[12]. Then, normalized average x, y and z coor-
dinates in the HSV color space on each region are trained
in the self-organizing map, and they are used as image fea-
ture. Here, two self-organizing maps for natural objects
and artifacts are used. In the proposed system, the features
on color are calculated per nine areas.

The feature vector on the color of the natural objects at
the area s in the image p, xN(p,s) is given by

xN(p,s)
i = g

∑
l∈CN

s

xN(p,s,l)
i

 (1)

g(u) =
{ 1 (u > 0)

0 (u = 0) (2)

where CN
s is the set of the regions which belong to the area

s for the natural objects, xN(p,s,l)
i is the output of the neuron

i in the self-organizing map which learns the color of the
natural objects when the color information at the region l
which belongs to the area s in the image p is given.

The feature vector on the color of the artifacts at the area
s in the image p, xA(p,s) is given by

xA(p,s)
i = g

∑
l∈CA

s

xA(p,s,l)
i

 (3)

where CA
s is the set of the regions which belong to the area

s for the artifacts, xA(p,s,l)
i is the output of the neuron i in the

self-organizing map which learns the color of the artifacts
when the color information at the region l which belongs to
the area s in the image p is given.

2.2. Color and Size of Artifacts

The feature vector on color of artifacts xA2(p) is calcu-
lated by

xA2(p)
i =

∑
l∈CA

xA(p,l)
i rA(p,l) (4)

where CA is the set of artifact areas, xA(p,l)
i is the output of

the neuron i of the self-organizing map which learns the
color of the artifacts when the color information at the re-
gion l which belongs to the area s in the image p is given,
rA(p,l) is the rate in the whole artifacts areas of the area l of
the image p.

The feature on size of artifacts xA3(p) is calculated by
xA3(p) =

∑
l∈CA

S (p,l)/
∑

l

S (p,l) (5)

where S (p,l) is the number of pixels of the region l of the
image p.

2.3. Shape (Distance from Circumcircle)

As the method to describe the shape, we use the distance
between the point on the circumcircle and the edge of the
object [8]. In this method, first, the center of the object is
found by the moments, and the circumcircle centering on
the point is drawn. Then the distance from the point on the
circumference to the edge of the object toward the center is
calculated.
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2.4. SIFT (Scale-Invariant Feature Transform)

SIFT is an algorithm to detect and describe local features
in images. The feature vector on SIFT is generated based
on the idea of the Bag-of-Features[13].

2.5. HOG (Histograms of Oriented Gradients)

HOG is feature descriptors which is used for object de-
tection. The feature vector on HOG is generated based on
the idea of the Bag-of-Features as similar as the feature
vector on SIFT.

2.6. Spectrum

An image spectrum is used as one of image features.
Here, the calculated spectrum is divided into Nk×N l areas,
and binarized average spectrum in each area is used.

2.7. LBP (Local Binary Pattern)

LBP is the texture features which uses patterns that
shows the magnitude relation of local brightness in an im-
age. In this system, normalized histogram of LBP is used
as one of image features.

2.8. Keywords

Keywords such as sky, cloud also can be used as the
query.

3. Similarity-based Image Retrieval using Self-
Organizing Map with Refractoriness

3.1. Structure

The proposed image retrieval system is based on the self-
organizing map with refractoriness[2] and it has two layers;
(1) Input Layer and (2) Map Layer. The neurons in the
Input Layer receives the feature vector of key image(s) and
the neurons in the Map Layer whose connection weights
are similar to the input feature vector fires. In the proposed
system, each neuron in the Map Layer corresponds to one
of the stored images.

3.2. Learning Process

In the learning process of the proposed system, image
features of the images to be stored are trained in the self-
organizing map with refractoriness.
Step 1 : Extraction of Artifacts

In Step 1, the original image is divided into some regions
by the K-means algorithm, and whether or not artifacts are
included is judged for each divided area.
Step 2 : Generation of Feature Vectors

In Step 2, the image features are extracted from the im-
ages to be stored, and the feature vectors are generated.
Step 3 : Learning of Self-Organizing Map with

Refractoriness

In Step 3, the feature vectors generated in Step 2 are
trained in the self-organizing map with refractoriness.

3.3. Image Retrieval Process

In the proposed system, the following five search
requests are considered as similar as the conventional
system[7], and the feature vector is generated for the key
image based on the search request which is selected by a
user.

(1) Retrieval of images which are similar to key image

(2) Retrieval of images which are similar to a part of key
image

(3) Retrieval of images which have similar feature of
same positions

(4) Retrieval of images which have similar features to
common features in plural key images

(5) Retrieval of images which include similar artifacts in
different position

(1) Generation of Feature Vector

The feature vector is generated for the key image(s)
based on the search request which is selected by a user.

If Search Request 3 is selected, the feature vector on
color information of natural objects is given by

xN(p,s)
i =



−1 (if all regions in area s
are outside the selected
part by users)

g

∑
l∈CN

s

xN(p,s,l)
i

 (otherwise)

(6)

where CN
s is the set of the regions which belong to the area

s for the natural objects, xN(p,s,l)
i is the output of the neuron

i in the self-organizing map which learns the color of the
natural objects when the color information at the region l
which belongs to the area s in the image p is given. In
the proposed system, if all regions in area s are outside
the selected part by users are set to −1. In the same way,
the feature vector for the color information of artifacts is
generated. And, spectrum and LBP are not used.

If Search Request 4 is selected, the feature vector is gen-
erated from the plural key images. In the proposed sys-
tem, first, the feature vector for each key image x(p)(p =
1, · · · ,Nkey) is generated. Here, Nkey is the number of key
images. Then, the feature vector for the plural key images
x is generated from x(p) as follows:

xi =

 x(p)
i

Nkey−1∑
p=1

Nkey∑
q=p+1

|x(p)
i − x(q)

i | = 0


−1 (otherwise) .

(7)

As shown in Eq.(7), the proposed system uses only the
common features in all key images.
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(2) Image Retrieval

The image retrieval process of the proposed system has
four steps.

Step 1 : Input of Feature Vector
Image features of the key image(s) are given to the Input

Layer.

Step 2 : Calculation of Internal States of Neurons in
Map Layer

When the image feature of the key image(s) is given to
the Input Layer, the internal state of the neuron i of the
module y in the Map Layer at the time t, uy

i (t) is calculated
by

uy
i (t) =

∑
f∈CF

S f (wy
i , x)

F′
− α

t−1∑
d=0

kd
r xMAP

i ((t − 1) − d) (8)

where F
′

is the number of image features which are used
in the retrieval process, CF is the set of features which are
used in the retrieval process, α is the scaling factor, kr is the
damping factor, and xMAP(y)

i (t) is the output of the neuron i
of the module y in the Map Layer at the time t. S f (wy

i , x) is
the similarity the weight vector of the neuron i of the mod-
ule y in the Map Layer wy

i and the input x, and is defined
by

S f (wy
i , x)

=



2NC1
f (wy

i , x) + kw(NC2
f (wy

i , x) + NC3
f (wy

i , x))

Nw
f (wy

i ) + Nk
f (x)

( f = 11)
2NC1

f (wy
i , x)

Nw
f (wy

i ) + Nk
f (x)

(otherwise)

(9)

where f (= 1, . . . , F) is an image feature (1 : color (natural
objects), 2 : color (artifacts), 3 : color ratio of artifacts, 4 :
size of artifacts, 5 : shape (distance from circumcircle), 6 :
SIFT, 7 : HOG, 8 : spectrum (natural objects), 9 : spectrum
(artifacts) 10 : LBP, 11 : keywords).

In Eq.(9), Nw
f (wy

i ) is the number of elements whose value
are 1 corresponding to the image feature f in the weight
vector wy

i , and it is given by

Nw
f (wy

i ) =
∑

j:x j∈C f

wy
i j. (10)

Nk
f (x) is the number of elements whose value are 1 corre-

sponding to the image feature f in the feature vector x, and
it is given by

Nk
f (x) =

∑
j:x j∈C f andx j,−1

x j. (11)

NC1
f (wy

i , x) is the number of elements whose value are 1
corresponding to the image feature f in the weight vector
wy

i and the feature vector x, and it is given by

NC1
f (wy

i , x) =
∑

j:x j∈C f andx j,−1

wy
i jx j. (12)

Step 3 : Calculation of Outputs of Neurons in Map
Layer

Table 1: Precision, Recall and F-measure (without Key-
words).

Precision Recall F-measure
Search Conventional 0.981 0.467 0.633

Request 1 Proposed 0.942 0.645 0.766
Search Conventional 0.819 0.554 0.658

Request 2 Proposed 0.693 0.800 0.743
Search Conventional 0.795 0.627 0.701

Request 3 Proposed 0.847 0.721 0.779
Search Conventional 0.764 0.477 0.587

Request 4 Proposed 0.799 0.820 0.809
Search Conventional 0.953 0.461 0.622

Request 5 Proposed 0.966 0.783 0.865

Table 2: Precision, Recall and F-measure (with Key-
words).

Precision Recall F-measure
Search Conventional 0.992 0.824 0.900

Request 1 Proposed 0.960 0.855 0.904
Search Conventional 0.908 0.840 0.873

Request 2 Proposed 0.818 0.856 0.837
Search Conventional 0.884 0.775 0.826

Request 3 Proposed 0.877 0.885 0.881
Search Conventional 0.994 0.955 0.974

Request 4 Proposed 0.980 0.981 0.980
Search Conventional 0.968 0.835 0.897

Request 5 Proposed 0.981 0.826 0.897

The output of the neuron i of the module y in the Map
Layer at the time t, xMAP(y)

i (t) is calculated by

xMAP(y)
i (t) =

{
1 (i = c(y) and uy

i (t) > θs1 and S y(i)
min > θs2)

0 (otherwise)
(13)

where θs1 is the threshold for the internal state of the neu-
ron, and θs2 is the threshold for the similarity of each fea-
ture. S y(i)

min is given by
S y(i)

min = min
f

(wy
i , x). (14)

In the proposed system, each stored image corresponds
to a neuron in the Map Layer. So, the images corresponding
to the fired neurons in the Map Layer are output.
Step 4 : Repeat

Steps 2 and 3 are repeated.

4. Computer Experiment Results

Tables 1 and 2 show the precision, the recall and F-
measure of the proposed system and the conventional
system[7] which stores 550 images. Figure 1 shows the re-
trieval results of the proposed system and the conventional
system[7] which stores 550 images. From these results, we
confirmed that similar images can be searched with the pro-
posed system more correctly than the conventional system.

5. Conclusions

In this paper, we have proposed the similarity-based im-
age retrieval by self-organizing map with refractoriness us-
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→

(a) Search Request 1 (Proposed System)

→

(b) Search Request 1 (Conventional System[7])

→

(c) Search Request 2 (Proposed System)

→

(d) Search Request 2 (Conventional System[7])

→

(e) Search Request 3 (Proposed System)

→

(f) Search Request 3 (Conventional System[7])

+ →

(g) Search Request 4 (Proposed System)

+ →

(h) Search Request 4 (Conventional System[7])

→

(i) Search Request 5 (Proposed System)

→

(j) Search Request 5 (Conventional System[7])

Figure 1: Retrieval Results.

ing new distance between images features. We carried out a
series of computer experiments and confirmed that images
can be searched with the proposed system more correctly
than the conventional system.
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