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Abstract

The traditional method for creating a color
histogram is to equally subdivide a certain color
space into a given number of bins and then count
the number of pixels each bin contains. Us-
ing such a histogram, the performance of almost
all methods of histogram comparison are highly
sensitive to the localization of the bin bound-
aries. In order to alleviate this sensitivity a
new method of histogram creation is proposed
in this paper. The histogram at a certain reso-
lution (number of bins) is obtained in two steps.
First a low pass filter is applied onto the highest
resolution histogram and then the filtered his-
togram is quantized into the required number
of bins. Based on the sparse nature of the color
histogram an efficient algorithm which concomi-
tantly performs both steps is proposed. The al-
gorithm does not require the prior creation of
the highest resolution histogram. It creates the
required histogram directly in a single scan of
the original image by counting the contributions
of each image pixel to different histogram bins.
The experimental results reveal a significant im-
provement of image retrieval performances when
the histograms are created using the proposed
method over the case they are created using the
traditional approach.

1 Introduction

The most popular technique for image retrieval in a
heterogeneous collection of images is the comparison of
images based on their histograms. The histogram de-
scribes the gray-level or color distribution for a given
image. It is a global feature which can be used to per-
form a fast but no so reliable indexing process. The
histogram feature can be used as a preliminary step for
database indexing in order to reduce the number of can-
didate images for the next step which could use other
features (e.g. shape, texture, orientation) to compare
the database images with a given query image. The
major advantage offered by the histogram feature con-

sists in its small sensitivity to scale, rotation and trans-
lation [1]. An appropriate color space, a color quantiza-
tion scheme, a histogram representation, and a similar-
ity metric are the main elements required for the design
of a histogram based retrieval system [2].

The RGB color space is inappropriate for image re-
trieval due to the fact that it is not related with the
way humans perceive colors. Other color spaces like op-
ponent color space, HSV and YIQ are generally used for
retrieval proposes [2][3]. The Lu*v* space is also used
because it yields a perceptually uniform spacing of col-
ors [4].

The total number of different colors that can be rep-
resented using a resolution of 8 bits for each primary
component is about 16.8 million. Such a huge amount
of data is difficult to store and process. Nevertheless,
lower resolution representations, obtained by quantiz-
ing each primary component on a smaller number of
bits are used for histogram representation. A quantized
histogram is usually represented as an M dimensional
vector, where M is the total number of bins (quantiza-
tion intervals). For example a resolution of 4 bits for
hue, 3 bits for saturation and 3 bits for value meaning
a total number of 1024 bins, seems to be enough for
obtaining good retrieval performance, as is shown in [2].

Many similarity metrics between image histograms
have been proposed. Based on the hypothesis that sim-
ilar images will have similar color distributions a his-
togram intersection metric to measure the similarity of
two histograms is proposed in [1]. For two given his-
tograms represented by two M dimensional column vec-
tors A and B the histogram intersection operator (I0)
is given by:

M—
10(A,B) = min(A(i), B(i)), (1)

1=

=

where A(i) and B(i) represents the number of pixels
of A and B images which occur in the bin 7. Usually
the number of pixels in each bin is divided by the total
number of pixels in the image to obtain an estimation



Table 1: The results of indexing A and B images based on the query image QQ using the intersection operator at
different histogram resolutions.

n Qn A, B, 10(Qn, An) | I0(Qn, By) | order
0 | (0000000100000000) | (0000000010000000) | (0000100000000000) 0 0 -
1 (00010000) (00001000) (00100000) 0 0 -
2 (0100) (0010) (0100) 0 1 B, A
3 (10) (01) (10) 0 1 B, A
4 (1) (1) (1) 1 1 -

Table 2: The results of indexing A and B images based on the query image Q using the intersection operator at
different histogram resolutions if the high resolution histogram is filtered before quantization.

n Qn Ay, By IO(Q?uAn) IO(Q?uBn) order

0 | (00000% < £000000) | (000000 7 = £200000) | (00 £ £2000000000) : 2 A, B

1 (00= £2000) (000£ £200) (02220000) : z A, B

2 (0220) (0£30) (£200) : 2 A B

3 (33) (53) (10) 5 : A B
55 55 5 5 ?

4 (1) (1) (1) 1 1 -

of the color probability mass function. The larger the
intersection value the more similar the histograms.

Another similarity metric which takes into account
the perceptual similarity between bins is the cross dis-
tance function (CDF) proposed in [5]:

CDF(A,B) = (A— B)'C(A— B) =

M—-1M-1

where the matrix C = {c¢;;} stores the similarity coef-
ficients between colors corresponding to bins ¢ and j.
The high computational complexity of the cross dis-
tance function O(M?) makes it a less efficient tech-
nique than the histogram intersection operator (I0),
especially when dealing with large image databases.
On the other hand, the IO similarity metric is highly
dependent of the location of the quantization bound-
aries and hence it could fail in most of the cases due to
the sparse nature of the image histograms. A simple ex-
ample is presented next in order to clarify this problem.
Let @ denotes the histogram of a certain query image.
Also, let A and B denote the histograms of two images
from a certain collection of images. It is assumed, for
simplicity, that the images are represented on 16 gray
levels and each one of them represents a constant gray
level. For example, all the pixels in the image @ have
the gray level 7, all the pixels in the image A have the
gray level 8, and all the pixels in the image B have the
gray level 4. Obviously, from the histogram comparison
point of view, the image A is “closer” to the image @
than it is the image B. Consequently, the image A has

to occur before the image B in the indexed database.
Formally, this is expressed by writing that the order is
equal with A, B rather then B, A. Nevertheless, the re-
sults obtained by using the intersection operator at dif-
ferent histogram resolutions are not reflecting the true
situation as shown in Table 1. There the symbol X,
means the histogram of the image X represented at the
resolution N — n (2¥~" bins), where N is the number
of bits required to represent the highest resolution his-
togram. In our example N = 4 and n 0,1,2,3,4.
The last column of the Table 1 suggests the order of the
images A and B in the indexed database. A “—” in a
certain row of this column signifies that the intersection
operator fails in determining a certain indexing order
of the images A and B. It gives the same result when
comparing @ with A as when comparing @ with B.

Inspecting the Table 1, one can easily observe that the
intersection operator either fails or determines a wrong
indexing order of the images A and B. This result is
primarily due to the high sensitivity of the intersection
operator to the localization of the bin boundaries.

A possibility to overcome this problem consists in ap-
plying a linear low pass filter on to the highest resolu-
tion histogram before its quantization at different res-
olutions. In this way each gray level is spread in more
then one bins, being forced to contribute not only to
its bin but also to the neighborhood bins. Continuing
the above example, Table 2 shows the results obtained
when the highest resolution histograms are filtered with
a symmetric 5 taps filter f(0) = f(+1) = f(£2) = 1/5
before quantizing them at different resolutions. The cor-
rect indexing order is determined now for almost any



resolution of histogram representation.

Although, the above example refers only the case of
gray level images, similar situations occur also when
dealing with color images. The main difference is that a
color histogram estimates the 3D color probability mass
function of the image, and therefore the bins becomes
parallelepipeds when each color component is subdi-
vided in a certain number of intervals.

A direct application of the method of histogram cre-
ation suggested above is, however, almost impossible in
the case of color histograms. This is because the high-
est resolution color histogram achieves an enormous size,
e.g. 22* bins. Therefore, the difficulty consist not only
in filtering such a huge signal but even in storing it in
the memory.

This paper presents a method of filtered histogram
creation which, exploiting the sparseness of the color
histogram, succeeds to avoid the above mentioned diffi-
culties. The method does not required the prior creation
of the highest resolution histogram but instead the fil-
tered histogram at a given resolution is computed by
adding the weighted contributions of each image pixel
to different histogram bins. The filtered histogram is
thereby computed in a single scan of the original image
and the algorithm achieves a low complexity of O(qP)
where P is the number of pixels in the image and q is
the number of bins affected by the contributions of a
single pixel.

The remaining of the paper is organized as follows.
An efficient method of 1D filtered histogram creation is
presented in the Section 2. The extension of the method
for the case of color histograms is then presented in the
Section 3. The experimental results presented in Section
4 compare the proposed histogram creation method with
the traditional method of histogram creation, based on
their retrieval performances in a heterogeneous collec-
tion of images. In addition Section 4 includes also the
concluding remarks of the paper.

2 The Creation of a
1D Filtered Histogram

Let x(i),i = 0,...,2" —1, denotes the highest resolution
histogram of a certain gray level image. The filtered
histogram y(j),j = 0,...,2" — 1, is obtained from x by
using a filter f(k),k = —K,..., K as follows:

K
y(i) = (Fx2)(G) = Y fR)z(i—k),  (3)
k=—K

where y is considered to be equal to zero outside j €
{0,...,2N —1}.
Next, an intermediate signal denoted by z,(j),j =

0,...,2Y — 1, is defined as below:

2" —1

() =Dy +i). (4)

i=0
The signal z, can be written also in the form:

0

> gy =) = (gaxy)(H):  (5)

i=—2n41

where g,(j) =11if j € {-2" 4+ 1,...,0} and zero other-
wise, and z, is restricted to 2V elements by considering
zn(j) = 01if j ¢ {0,...,2N —1}.

The relation between z,, and z is:

2n(J) (gn* fx2)(j) = ((gn * [) *2)(j) =
= (hn*2)(j), (6)
where
b (5) = (gn * f)(G)- (7)

The filter h,(j) has 2" + 2K nonzero taps and it is
zero for j ¢ {—2"—K+1,..., K}. This filter can be pre-
computed and stored before processing the histogram.

Let us denote by x,,(i),i = 0, ...,2N""—1, the filtered
image histogram at the resolution N — n obtained by
representing the highest resolution filtered histogram y
onto 2V =" bins. One can note that the signal z,, can be
obtained from z,, by sub-sampling the last one with 2"

Tn (i) = 2zn(i - 27). (8)

The above method for the computation of the quan-
tized and filtered histogram ., (i) requires the prior cre-
ation of the highest resolution image histogram. This is
not a problem in the case of gray-level images where the
highest resolution histogram usually has a dimension of
256 bins. Nevertheless, as explained in the introduction,
the creation of the highest resolution histogram consti-
tutes an insurmountable problem in the case of color im-
ages especially because of its huge dimensionality (e.g.
224 bins when each color component is represented on 8
bits).

The approach to avoid the creation of the highest res-
olution histogram consists in the computation of the fil-
tered histogram at a certain resolution by adding the
contributions of each image pixel to different bins rather
than applying the filter directly in the color space.

One can show from Eq. 6, that each x(j) contributes
to 2™ + 2K different z, taps. This contribution is ex-
pressed as:

From Eq. 8 we see that each x(j) will contribute to only
at most ¢ = [1+ K - 27717 of z,, taps:



where [a] denotes the smallest integer greater than or
equal to the real number a. For example, if n = 6
and K = 10 only one or at most two contributions of
type Eq. 10 has to be computed for each x(j) and for
n = 6, K = 100 the number of contributions becomes
at most 5.

The computation efficiency can be further improved
if the h,, taps are arranged in a certain order. Denote
by H,, a ¢ X 2" matrix, constructed as follows:

H, =

hn (g = 1) - 27) hn (g =1)-2" +2" = 1)
(11)
where ¢ = [14+ K - 27"t and h, is a 2K + 2" taps
causal filter obtained by translating the filter h,,:

Py (1) = hn (=27 — K +1+1), (12)

where 0 < ¢ < 2K + 2™ — 1. The contributions of any
input z(j) with gray level j to different x, taps are
weighted by the values of only a single column of matrix
H,,. On the other hand, all contributions received in a
certain bin ¢, which are accumulate to x,, (i) are weighted
by the values of a single row of the matrix. Let ¢ and
r denote the column and row of H,, corresponding to a
gray level j and a bin ¢, respectively. From Eq. 10 we
obtain:

H,(r,c) = hy(i- 2" — j). (13)
From Eq. 11 and Eq. 12 we have:
H,(r,¢) = hy((r—1)-2" + (c— 1)) =
=hp(-2" - K+14+(r—1)-2"+ (¢c—1)). (14)

The following expression between r,c,i and j results from

Eq. 13 and Eq. 14:
c—1=@{+1-(r—-1)-2"+K—j—1. (15)

Furthermore using the notation:

K—-—j-1
we obtain:
K—-—j-1
c—1 = <¢+1—(r—1)+{2‘iD-2n+

+ (K —j—1)mod 2", (17)

where |a| denotes the greatest integer equal or smaller
then the real number a. Considering that 0 < ¢ —1 <
2" — 1, we obtain from Eq. 17:

¢ = (K —j) mod 2",
K—-—j-1
ro= i—&—{;lJ—#Z. (18)

The last two expressions simplify the access to differ-
ent taps of the filter h, and can be used to implement
an efficient algorithm for the creation of the filtered his-
togram at a certain resolution directly from the input
image. The algorithm is shown in Fig.1 and its complex-
ity is O(qP), where P is the total number of pixels in the
image and ¢ is the maximum number of contributions
computed for each pixel.

PROCEDURE 1D-Histogram-Creation

INPUT:
I -the image
n, K
H,, -precomputed matrix
OUTPUT:
xn(i), 0 <i<2N=" 1 - the filtered histogram

q=[1+K-27"H1]
rp(i)=0for0<i<2N—" 1
FOR each image pixel p € I with the gray level j DO
¢c= (K —j) mod 2"
FORr=1...¢q DO
t=17— LKEffl -2
(i) — 25 (i) + Hp(r, c)
END FOR
END FOR
END PROCEDURE

Figure 1: The algorithm for the computation of the
filtered histogram (x,) directly from the input image.
The prior creation of the highest resolution histogram
(z = o) is not required.

2.1 Computing a Lower Resolution
Filtered Histogram from a Higher
Resolution One

After the computation of a filtered histogram x,, at a
given resolution, any other filtered histogram at a lower
resolution can be obtained immediately from x,, without
applying the filter again. From Eq. 8 and Eq. 4 we have:

ontl_q

Tpy1(i) = znga (i - 271 = Z y(i-2"* 4 ). (19)
Jj=0

The right sum in Eq. 19 can be also written as:

ontl_q 2" —1
ooyl )= > w22 +5) +
=0 §=0
2" —1
+ 3 y((2i+1)-2"+4).  (20)
§=0



Using Eq. 4 again in Eq. 20 and combining the re-
sult with Eq. 19, a simple relation between a filtered
histogram at two different resolutions is derived:

Tr1 (1) = T (20) + 2 (20 + 1). (21)

Therefore, once a filtered histogram at a certain reso-
lution is computed, its representation at any other coarser
resolution can be obtained without applying the filtering
procedure again.

3 The Creation of a
3D Filtered Histogram

The filtered histogram creation algorithm presented in
the previous section is extended here to the case of color
histograms.

Consider a three-dimensional separable filter f:

f(k1, ko, k3) = f1(k1) fa(ke) f3(k3),

where —K,, < k, < K,, for p € {1,2,3}. The three-
dimensional highest resolution histogram has a resolu-
tion of 2Vt x 2V2 x 23 and it is denoted by x(i1, iz, i3),
where 0 < i; < 2M1,0 < iy < 22 0 < i3 < 23, Filter-
ing this histogram with the filter f, a blurred version of
the three dimensional histogram is obtained:

(22)

y(jlanij) = (f*S x)(j17j27j3)u (23)
where x3 denotes the three dimensional convolution. The
signal y(j1, je2, j3) is set to zero for j, < 0 or j, > 2Nr,
where p € {1,2,3}. A three-dimensional, intermediate
signal is obtained using a relation similar with Eq. 4:

Zny,na,ng (j17j27j3) =
271 1272 _12"3 ]

= Z Z Z y(j1 + i1, 2 + iz, j3 +43),

11=0 1i2=0 1i3=0

(24)

which is further equivalent as in Eq. 5 with:

an,ng,ns (jlaj?a ]3) =

Z Inrna,ms (01,92, 93)y (J1 — i1, jo — 42, J3 — i3), (25)

11,%2,13

where gy, n,n, is a three dimensional separable filter

9ny,na,n3 (i17 ’i27 23) = 9ny (il)gnz (7;2)9”3 (7’3)’ (26)
with
. 1 —2™ +1 <4, <0,
gnp(Zp) = { 0 otherwise, ’ &0

for p € {1,2,3}. Using Eq. 23 and Eq. 25, the interme-
diate signal can be written as:

Zni,ng,mg = ((gnl,nwns *3f)*3x) = (hm,nmns *3:8), (28)

where hp, n,n, 18 a three dimensional separable filter:

B s (G1s G20 53) = WS (1R (G2)h ) (js),  (29)
where:
WP (Gp) = (gn, * fp)(p), P E{1,2,3}.  (30)

Each filter hE«f;) (4p) is a one dimensional filter with 2"» +
2K, nonzero taps, being zero for j, ¢ {—2"» — K, +
1,...,Kp}, where p € {1,2,3}. These three filters can
be precomputed and stored before filtering the histogram.

The three dimensional histogram @, n, n3(i1,12,13),
0 <i, <2Me=m p e {1,2,3} with a resolution of
2N1—na 5 9N2—=n2 5 9N3=ns is then obtained by sub-
sampling the three dimensional signal 2y, n,n, as fol-
lows:

Tny,na,ns (ila i?» 13) -

= Zny naumg (81 - 270,49 - 272 43 - 273), (31)

From Eq. 28 we see that each tap z(ji,j2,73) con-

tributes to (2" +2K7) x (2™ 4+ 2K5) x (2™ +2K3) taps

of zn, ns.ms- These contributions can be expressed in a
similar form with Eq. 9 as:

Zﬂhnz,ns(jl + i1, j2 + 2, j3 +i3) —
= Zni,nag,ns (]1 + 11,72 + 42, j3 + ig) +

+h%11)(i1)h5122)(i2)h£1? (i3)x (41, 32, J3), (32)

where the separability property of the three dimensional
filter Ay, n,n, has been used.

Because the filtered histogram x,,, n, n, is a sub-sampled
version of the signal 2y, n, ny, from Eq. 31 it follows that
each tap x(j1,j2,73) contributes to g1 X g2 X g3 taps of

Tny,mams- Lhese contributions are expressed in a rela-
tion similar with Eq. 10:

Ty ngms (11592, 13) = Ty ngong (11, 12, 13) +

3
+x(j1, ja, js) [ 2 (i - 27 = )

(33)
p=1
and the values q1, q2, g3 are given by:
g =[1+K, 27", pe{1,23} (34)

The algorithm shown in Fig.2, uses the separability
property of the filter hy, 5, n, to speed up the access
time to different taps of this filter. Three matrixes
H%ll), H%) and H,(%) corresponding to the three one-
dimensional filters h%ll),h%) and th’;), respectively, are
constructed as in Eq. 11.

The algorithm shown in Fig.2 achieves a complexity
of O(q1g2q3P), where P is the total number of pixels in
the image and ¢1¢2¢3 is the maximum number of con-
tributions computed for each pixel.



PROCEDURE 3D-Histogram-Creation

INPUT:

I -the image

TL1,TL2,TL3,K1,K2,K3

H,ﬂll)7 H5122)7 HS‘;) -precomputed matrixes
OUTPUT: the 3D filtered histogram
$n17n27n3(i1,i2,i3)70 < ip < 2Np—np _ 1,pe {1,2,3}

Initialization
¢ =[1+K, 27" for p=1,2,3
xnl,nQ,ng(ilai% i3> =0for0< ip < 2Np—np _
pe€{1,2,3}
FOR each image pixel (j1,J2,73) € I DO
Cc1 = (Kl 7]1) mod 2™
Cy = (K2 —_]2) mod 272
Cc3 = (Kg — jg) mod 273
FOR?"l =1CI1 DO

1, for each

=71 — 7K1;n71171J -2
FORT‘Q :1(]2 DO
log =79 — 7K2;,?22_1J -2
FOR r3=1...q3 DO

i3 =73 — [71(327{;?71 —_ 2

xnl,ng,ng (ily i2; 13) — xnl,ng,ng (7:17 i27 ZB)+
+H7(¢11 (’/‘1, Cl)Hni) (’I“g, CQ)HS;) (7’3, 63)
END FOR
END FOR
END FOR
END FOR
END PROCEDURE

Figure 2: The algorithm for the computation of the fil-
tered 3D histogram.

4 Experimental Results
and Conclusions

The proposed method of histogram creation has been
compared with the traditional histogram creation ap-
proach. Their performances of retrieving similar im-
ages in a heterogeneous collection of images have been
used as the comparison criterion. Based exclusively on
color information different retrieval experiments have
been done. In all cases the histograms created by either
one of the methods were compared using as the similar-
ity metric the intersection operator (IO) proposed by
Swain and Ballard [1].

A heterogeneous collection of 2117 color images se-
lected from a digital newspaper photo archive, has been
used for experimental purposes. The images in the col-
lection are quite representative for the general require-
ments of a newspaper. Therefore they represent various
subjects, e.g. sports, politics, arts, fashion, travel, con-

certs, movies.

A number of eight images shown in Fig.3 have been ar-
tificially created by cutting and rescaling a given image
from the database. It is assumed that these images are
quite similar in color one to each other. Consequently,
when any of these eight images is presented as a query
we expect to retrieve the other seven images before any
other image of the database. The eight images are la-
beled with I, ..., Is as is explained also in the caption
of the Fig.3.

A query session indexes the images in the database
according with their similarity with the query image.
Therefore, the rank value of a certain image in the in-
dexed database could be considered as an expression of
the degree of dissimilarity between the given image and
the query image. The lower the rank is the higher the
similarity degree is. Based on the image diversity in our
database we can consider that the rank value is a quite
objective criteria to measure the similarity between the
query image and a given image in the database.

We introduce here a retrieval performance measure
called Rank Offset (RO) which quantitatively express
how low the ranks of the relevant images are. This is, if
the query image is one of the eight images then the ranks
associated with the other seven relevant images should
be as low as possible. Ideally they should be between 2
and 8 (the query image is the most similar image with
itself and therefore it always has the rank 1). The Rank
Offset is expressed as follows

M
RO = Z(Rz —1), (35)

where R; is the rank of the i-th relevant image and M is
the total number of relevant images. RO should be low.
A zero value means that the relevant images are all in
the top of retrieved images.

Besides the Rank Offset, we have used also four other
retrieval performance measurements in order to com-
pare the proposed histogram creation method with the
traditional method of histogram creation. These perfor-
mance measurements have been introduced in [2] and
will be shortly explain in the following.

Mazimum Rank (M R) is defined as the highest rank
associated with one of the relevant images.

Average Rank (AR) is the average of the all rank val-
ues associated with the relevant images.

Both AR and M R should be low.

Filtering Performance (FP) is given in terms of the
percentage of the relevant images which are retrieved.
We consider that an image is retrieved if its rank is
smaller or equal with 50. In other words, the image is
in the top 50 images of the indexed database.

Bull’s Eye Performance (BEP) is defined as the per-
centage of relevant images which are retrieved among



Figure 3: Eight images artificially created by cutting and rescaling a given image of the database. These are the
images used for the experiments shown in the Tables 3, 4 and 5. The images are numbered from left to right and

the label associated with the k-th image is denoted by I}.

the top 2M retrieved images, where M is the total num-
ber of relevant images.

The color space used in all our experiments was the
opponent color space defined as:

wb = R+G+ B,
rg = R-G, (36)
by = 2B-R—G.

The results are shown in the Tables 3,4 and 5. The
column @ specifies the query image used in each query
session, and the columns called R; express the rank in
the indexed database associated with the ¢-th relevant
image as a result of different query sessions.

Table 3 shows the retrieval performances achieved
when the histograms have been created using the tra-
ditional approach. This is, the highest resolution his-
togram is not filtered before subdividing the color space
in a certain number of bins. Tables 4 and 5 show the re-
trieval performances achieved when the histograms are
created using the method proposed in this paper. The
difference between the experiments shown in these two
tables consists in the length of the filter used.

The comparison between the results shown in Tabel 3
with the results shown in the other two tables reveals a
significant improvement in retrieval performance when
the proposed method of histogram creation is used. For
example, inspecting the Filtering Performance (F' P) one
can note that only in three different query sessions all
the eight relevant images have been retrieved among the
top 50 images in the indexed database when the tradi-
tional method of histogram creation is used (see Table
3). On the other hand when the proposed method of
histogram creation is used there are 6 and 7 different

query sessions when all the relevant images are retrieved
among the top 50 images in the indexed database, as can
be seen in Table 4 and Table 5 respectively.

It is of importance to note also that the comparison
between Table 4 and Table 5 indicates improved perfor-
mance via use of longer filter windows. The analysis of
the effect of the size of the window and also of the filter
tap values is left to another study.
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Table 3: The retrieval performances achieved when the histograms have been created using the traditional approach,
by subdividing the color space in a certain number of bins without filtering the highest resolution histogram. Each
opponent color space component is subdivided into 4 bins, and hence the color histogram of each image has a
number of 64 bins.

Ri| Ry | Rs | Ry | Rs | Re | Ry | Rs | MR | AR RO FP BEP
%] (%]

L |1 9 8 4 2 3 13 | 7 13 5.88 11 100.00 | 100.00
Iy | 26 1 82 | 24 | 12 | 47 | 2 9 82 25.38 167 87.50 | 50.00
Is | 3 |18 | 1 |20 |95 | 2 |234 |92 | 234 | 79.38 599 50.00 | 37.50
Iy | 4 6 16 | 1 5 3 11 2 16 6.00 12 100.00 | 100.00
Is | 4 6 |8 | 15| 1 | 34| 8 12 85 20.62 129 87.50 | 75.00
Is | 3 12 | 4 2 9 1 21 5 21 7.12 21 100.00 | 87.50
Iz | 35| 2 | 94|33 |10 |57 | 1 20 94 | 31.50 216 75.00 | 37.50
Is | 8 3 161 2 6 |12 | 7 1 61 12.50 64 87.50 | 87.50
Average results | 75.75 | 23.55 | 152.37 | 86.00 | 71.87

Table 4: The retrieval performances achieved when the histograms have been created using the proposed method.
The highest resolution histograms have been filtered with the 3D separable filter: f1 = fo = f3 = f, f(n) =
1/15, n = —7...7. Each opponent color space component is subdivided in 4 bins, and hence the color histogram
of each image has a number of 64 bins.

Q| R | Ry | R3s| Ry | Rs | Re | R7 | Rs | MR | AR RO FP BEP
(%] (%]

I |1 3 5 4 2 8 7 9 9 4.88 3 100.00 | 100.00
Ir | 5 1 149 |11 ] 3 | 33| 2 |10 49 14.25 78 100.00 | 75.00
Is | 3 |40 | 1 4 |18 | 2 | 65| 14 65 18.38 | 111 87.50 | 62.50
Iy | 4 5 6 1 7 3 |14 2 14 5.25 6 100.00 | 100.00
Is | 4 3 133|101 |3 ]| 2|16 35 13.00 68 100.00 | 75.00
Is | 5 9 4 2 137113 3 39 9.50 40 100.00 | 87.50
I |19 2 | 53|25 | 3 |46 | 1 | 30 53 22.38 | 143 87.50 | 37.50
Is | 5 4 |24 2 |11 ] 3 | 18| 1 24 8.50 32 100.00 | 75.00

Average results | 36.00 | 12.02 | 60.12 | 96.87 | 76.56

Table 5: The retrieval performances achieved when the histograms have been created using the proposed method.
The highest resolution histograms have been filtered with the 3D separable filter: f1 = fo = f3 = f, f(n) =
1/31, n = —15...15. Each opponent color space component is subdivided in 4 bins, and hence the color histogram
of each image has a number of 64 bins.

Q| R | Ry | R3| Ry | Rs | R | Ry | Re | MR | AR RO FP BEP
(7] (7]

L |1 3 5 7 2 4 6 9 9 4.62 1 100.00 | 100.00
I, | 4 1 1325 3 |10 2 6 32 7.88 27 100.00 | 87.50
I3 | 3 |53 | 1 5 116 | 2 | 50 | 24 53 19.25 | 118 87.50 | 62.50
Iy | 6 5 110 1 |17 3 |11 | 2 17 6.88 19 100.00 | 87.50
Is | 2 3 7 5 1 8 4 110 10 5.00 4 100.00 | 100.00
Is | 5 | 17| 3 2 120 1 |21] 4 21 9.12 37 100.00 | 62.50
I; | 4 2 12215 3 |11 ] 1|10 22 7.25 22 100.00 | 87.50
Ig | 20 | 11 [ 38| 2 [ 32| 7 | 23| 1 38 16.75 98 100.00 | 50.00

Average results | 25.25 | 9.60 | 40.75 | 98.44 | 79.70




