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Abstract

It is well known that JPEG2000 has a variety of advan-
tages over its predecessor JPEG. JPEG2000 not only al-
lows images to be coded with clearly better visual image
quality, it also addresses a series of other issues. Unifica-
tion of lossless and lossy compression modes, robustness to
bit-errors to allow image transmission over noisy channels
and provision of regions of interest (ROIs) are only some of
those that have been incorporated into the new standard. In
this paper we look at the JPEG2000 vs. JPEG debate from
an image retrieval standpoint. While it seems evident that
image compression will have a negative effect on the perfor-
mance of retrieval algorithms our aim is to provide quanti-
tative results of how severe this performance drop would
be for JPEG2000 compression in comparison to standard
JPEG encoding. Our results show that while high com-
pression causes problems for retrieval of JPEG images, the
retrieval performance of JPEG2000 images is almost inde-
pendent of compression ratio.

1 Introduction

Every day thousands of new images are created: pic-
tures taken with digital cameras, images scanned in using
colour scanners, or stills captured from video sequences.
Despite the ever-increasing hardware and communication
technology capabilities we are still confronted with both
limited disk space and limited bandwidth resources. There-
fore images are normally stored in compressed form in or-
der to utilise the available resources as effectively as possi-
ble. JPEG [13], a DCT based image compression algorithm
is the current ISO standard for the encoding of still images.
Despite its potential to provide reasonable image quality at
medium compression rates, the demand for other, “better”
image coding algorithms soon emerged.

Much effort and time has been spent on what finally
became the new wavelet-based JPEG2000 image compres-
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sion standard [10]. JPEG2000 not only allows images to
be coded with clearly better visual image quality compared
to its predecessor, it also addresses a series of other is-
sues. Unification of lossless and lossy compression modes,
robustness to bit-errors to allow image transmission over
noisy channels and provision of regions of interest (ROIs)
are only some of those that have been incorporated into the
new standard. It is therefore not surprising that all these as-
pects have been rigorously tested and compared to the stan-
dard JPEG algorithm some evidence of which can be found
in [5].

In this paper we look at the JPEG2000 vs. JPEG debate
from an image retrieval standpoint. While it seems evident
that image compression will influence the performance of
retrieval algorithms this has only recently been investigated
quantitatively [7]. It was confirmed that the application
of image compression worsens retrieval effectiveness by a
small but not negligible amount. As the experiments carried
out in [7] were based on JPEG coded images, in here we set
out to compare the performance drop that results from the
use of JPEG coding with that resulting from the application
of JPEG2000. In other words, we compare the image re-
trieval performance on a JPEG coded image database with
that of JPEG2000 images.

To do so, we make use of the recently released UCID
(Uncompressed Colour Image Database) dataset, an image
database where all images were preserved in their uncom-
pressed state [9]. In our experiments we use six widely
used retrieval algorithms: colour histograms compared us-
ing Ly [12] and Ly [2] norms, colour moments [11], colour
coherence vectors [4], auto-correlograms [3] and spatial-
chromatic histograms [1]. Each of the UCID model and
query images is compressed to a series of different com-
pression rates by both JPEG and JPEG2000. Image re-
trieval is then performed for each possible combination of
model/query compression rates. Results show that the per-
formance drop arising from JPEG2000 compression is in-
deed significantly smaller than that stemming from JPEG
based retrieval.
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The rest of the paper is organised as follows: Section 2
briefly describes the retrieval methods that we used for
the evaluation. Section 3 presents experimental results for
the UCID dataset under JPEG and JPEG2000 compression
while Section 4 concludes the paper.

2 Retrieval methods

The methods we evaluated in our experiments were
colour histograms compared using L1 [12] and L2 [2]
norms, colour moments [11], colour coherence vectors [4],
auto-correlograms [3] and spatial-chromatic histograms [1].
In the following we provide a brief description of each of
them.

2.1 Colour histograms - histogram intersection

Colour histograms - simply obtained by (uniformly)
quantising the colour space counting the number of pixels
that fall in each bin - were first used for image retrieval by
Swain and Ballard [12]. As distance measure they intro-
duced (the complement of) histogram intersection defined

as
N

dys (I, 1) = 1= min(H(k), Ha(k)) (1)
k=1
where H; and H, are the colour histograms of images [y
and I3, and N is the number of bins used for representing
the histogram. It can be shown [12] that histogram intersec-
tion is equivalent to the L; norm and hence a metric. We
used 8 x 8 X 8 RGB histograms in our experiments.

2.2 Colour histograms - QBIC

An alternative to the L; norm is to use the Euclidean
distance (Lo norm) between two histograms. This approach
was taken in the QBIC system [2] where they also addressed
the problem of possible false negatives due to slight colour
shifts by taking into account the similarity between separate
histogram bins. This can be expressed in a quadratic form
distance measure as

dQBIC(Il’IQ) = (H, — Hy)A(H, — Hy)" 2)

where H; and Hy are again the two colour histograms (in
the form of a vector) and A is an N x N matrix containing
the inter-bin distances. We used the Munsell colour space
divided into 256 bins (16 for hue, 4 for chroma and value
respectively) to generate these histograms.

2.3 Colour moments

Stricker and Orengo [11] used colour moments as a
compact colour descriptor for CBIR. The n*" central (nor-

malised) moment of a colour distribution is defined as

Lt R

with .
=+ 2 c@y) “)

where N is the number of pixels in an image and ¢(x, y)
describes the colour of the pixel at location (z,y). For our
experiments we used the first three moments in the HSV
colour space. The distance between two images is defined
as the sum of absolute distances between their moments (L1
norm)

n

= |IM(D) -

i=1

dmnt (115 12) M'(Iy)| (5)

2.4 Colour coherence vectors

Pass and Zabih [4] introduced colour coherence vectors
as a method of introducing spatial information into the re-
trieval process. Colour coherence vectors consist of two
histograms: one histogram of coherent and one of non-
coherent pixels. Pixels are considered to be coherent if they
are part of a continuous uniformly coloured area and the
size of this area exceeds some threshold 7 where 7 is usu-
ally defined as 1% of the overall area of an image. The L;
norm is used as the distance metric between two colour co-
herence vectors

H3 (k)]
(6)

where H{ and H; and are the histograms of coherent and
non-coherent (scattered) pixels respectively. In our imple-
mentation we first blurred the image using a 3 x 3 averaging
filter and used 8 x 8 x 8 RGB bins for representing the his-
tograms.

N
dccv U1, I2) Z |Hy(k) — H3 (k)| + [H7 (k) —
k=1

2.5 Colour correlograms

Another approach to incorporate information on the spa-
tial correlation between the colours present in an image was
proposed by Huang et al. [3]. They introduced the notation
of colour correlograms (CCRs) defined as

A0 (1)

with

= PRp1€Ic,- ;pQEI[pQ S ]Cj7 ‘pl _p2| = k] (7)

Ip1 — p2| = max |z1 — z2|, [y1 — 2l (®)

where ¢; and ¢; denote two colours and (z, yx) denote
pixel locations. In other words, given any colour ¢; in the
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image, y gives the probability that a pixel at distance k away
is of colour c;.

As full colour correlograms are expensive both in terms
of computation and storage requirements, usually a simpler
form called auto-correlogram (ACR) defined as

al® (1) = yE(T) ©9)

is being used, i.e. only the spatial correlation of each colour
to itself is recorded. Two CCRs are compared using

k k
Zi,je[m],ke[d] |’7£L ;)Cj (Il) - ’7517)0]' (‘[2)|

docr (D 12) = )

k
S setmrein (L + Yo (1) + 78, (12)
(10)
We used ACRs with 8 x 8 x 8 RGB colours, for k we chose
{1,3,5,7}.

2.6 Spatial-chromatic histograms

Cinque et al. [1] introduced spatial-chromatic histograms
(SCHs) as an alternative method for representing both
colour and spatial information. SCHs consist of a colour

histogram
A
h(k) = 7| 4

n*xm

Y

where Ay, is a set having the same colour &, and n and m
are the dimensions of the image; and location information
on each colour characterised through its baricentre

1 1
2 A

(z,y)€AK

b(k) = (12)

n | Ay

and the standard deviation of distances of a given colour
from its baricentre

1
o(k) = |57 > dp,b(k))? (13)
Akl 25,
The SCH is then given as
Hgcp (k) = [h(k), b(k), o ()] (14)

and similarity between two SCHs calculated as

N
dscy(l, I2) =2 — Z min(hr, (k), hr, (k))-
k=1
\/§ B d(bIl (k)7 d(bfz (k)) +
V2

min(gl1 (k)a 01, (k))
max(ofl (k)’ 071, (k))

15)
In our implementation we divided the Munsell colour space
uniformly into 512 areas whose centres were used as the
colours to describe spatial-chromatic histograms.

[JoM—= [ - [ 100 ] 8 ] 30 [ 30 [ 2 [ 1 | 5 [ 0

95.27 95.20 95.25 95.15 95.16 94.98 94.21 91.24 85.53

95.30 95.31 95.28 95.26 95.26 95.22 95.24 95.26

100 95.16 95.15 95.17 95.16 95.25 95.08 94.52 91.91 85.45

95.30 95.29 95.30 95.26 95.26 95.26 95.24 95.30 95.23

80 95.14 95.13 95.15 95.18 95.28 95.08 94.52 92.01 85.52

95.16 95.19 95.28 95.29 95.27 95.21 95.22 95.31 95.23

50 94.99 95.05 95.07 95.09 95.17 94.98 94.46 92.14 85.72

95.12 95.09 95.26 95.26 95.24 95.19 95.19 95.26 95.28

30 95.00 95.08 95.12 95.17 95.19 95.01 94.47 92.02 85.90

95.09 95.05 95.16 95.22 95.22 95.24 95.22 95.35 95.32

20 94.84 95.03 95.06 95.09 95.17 94.98 94.50 92.31 85.72

95.02 94.94 95.14 95.21 95.18 95.23 95.22 95.29 95.28

10 94.74 95.02 95.12 95.14 95.22 94.89 94.84 92.98 85.91

94.81 94.78 95.05 95.05 95.08 95.18 95.21 95.20 95.19

5 89.25 89.25 89.35 89.45 89.52 89.42 87.51 94.55 86.08

94.67 94.65 94.95 95.04 95.04 95.08 95.03 95.10 95.13

0 77.24 76.65 76.47 76.11 76.23 75.67 74.53 77.87 92.40

94.57 94.54 94.91 95.01 95.05 95.07 95.02 95.10 95.12
Table 1. Retrieval performance for colour
histograms. Top rows and outer left col-

umn indicate g-factors used for model and
query images respectively (-’ indicates un-
compressed images). Each cell contains
AMP results for JPEG (top) and JPEG2000
(bottom) compressed images.

3 Experimental Results

We compressed each of the UCID images' to a series
of different compression rates by using different JPEG q-
factors: 100, 80, 50, 30, 20, 10, 5, and 0. The JPEG2000 im-
ages were then generated by simply matching the compres-
sion ratios achieved for the JPEG images (making use of
another advantage of the JPEG2000 scheme, that of being
able to precisely define target bit rates). For each possible
query/model combination of compression rates (i.e. query
images compressed with g=100, model images with q=100;
queries with q=100, models with q=80; ...; query images
with g=80, model images with q=100; ...; queries with =0,
models with g=0) image retrieval was performed (using the
six methods outlined above) once with the JPEG images
and once using the JPEG200 database. Results, expressed
in terms of average match percentile (AMP)? for colour his-
tograms, colour moments, and spatial-chromatic histograms
are given in Tables 1, 2, and 3 respectively. Due to space re-
strictions we had to omit those for QBIC histograms, colour
coherence vectors, and colour auto-correlograms. However
the reader be assured that the observations made below for
the results in the listed tables also hold for these other meth-
ods; also complete results can be found in a technical re-
port [6]. Looking at these results we can first confirm what
has been pointed out in [7], namely that for low to medium
JPEG compression there is only a very slight drop in re-

!For the experiments presented here we used Version 1 of the UCID
dataset [8] which comprises a subset of the database reported in [9]. Full
results for both datasets can be found in [6]. Both versions of the UCID
dataset are available from http://vision.doc.ntu.ac.uk.

2Since there is a 1:n correspondence between model and query images,
the modified AMP from [9] was used. An AMP of 100 means perfect
retrieval, while an AMP of 50 indicates that the systems is equivalent to
one that returns images in a random order.
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trieval performance. On the other hand however, compres-
sion with low to very low g-factors will produce results that
are notably below those that are achieved for uncompressed
(or slightly compressed) images. Inspecting the retrieval re-
sults that were obtained for JPEG2000 compressed images
the picture is quite different. Indeed, it can be seen that
the retrieval performance is almost independent of the com-
pression with average match percentiles dropping by less
than 1% for most cases! This performance is in fact better
than we were hoping for before conducting the experiments
and clearly demonstrates the superiority of JPEG2000 com-
pared to its predecessor.

[ToM— [ - [ 10 | 8 ] 50 [ 3 ] 2 | 1 [ 5 ] 0 |
- 9229 | 9138 | 9075 | 9047 | 89.89 | 8852 | 8084 | 7080 | 68.87
9235 | 9191 | 9141 | 9121 | 9085 | 9025 | 8957 | 8870

100 9183 | 9216 | 0186 | 0188 | 9104 | 01.04 | 8352 | 7385 | 7161
9228 | 9231 | 9186 | 9132 | 9118 | 9081 | 9011 | 8947 | 88.68

80 9179 | 9246 | 9239 | 9236 | 9251 | 9170 | 8408 | 7424 | 72.16
9170 | 91.66 | 9213 | 9204 | 9193 | 9171 | 9122 | 9076 | 90.17

50 9152 | 9201 | 9220 | 9245 | 9268 | 9221 | 8469 | 7432 | 7197
9133 | 9142 | 9216 | 9223 | 9225 | 9193 | 9167 | 9123 | 90.84

30 OI15 | 9151 | o184 | 92.07 | 9274 | 9244 | 8575 | 7421 | 71.64
9123 | 9LI8 | 9193 | 9219 | 9218 | 9192 | 9152 | 9L1I | 90.67

20 9073 | 9104 | 9153 | 9188 | 9258 | 9284 | 8740 | 7454 | 7110
9093 | 9093 | 91.86 | 9218 | 92.13 | 9195 | 9153 | 9116 | 90.75

10 8502 | 8479 | 8508 | 8636 | 87.69 | 8980 | o187 | 77.11 | 71.09
9068 | 9077 | 9177 | 92.10 | 92.16 | 9190 | 9174 | 9156 | 9119

5 7693 | 7754 | 7780 | 7877 | 71977 | 8150 | 8623 | 89.13 | 80.99
9043 | 9038 | 9132 | 9177 | 9188 | 91.77 | 9153 | 9134 | 91.00

0 7420 | 7520 | 7535 | 7582 | 7653 | 7794 | 8222 | 89.00 | 88.06
9027 | 9028 | 9119 | 9150 | 91.60 | 91.54 | 9138 | 9130 | 91.02

Table 2. Retrieval performance for colour mo-
ments. The layout is the same as in Table 1.

[ToM— [ - [ 10 | 8 [ 50 [ 30 ] 20 [ 1 [ 5 ] 0
- 9646 | 96.67 | 9668 | 9639 | 9657 | 9670 | 95.17 | 9178 | 8497
9647 | 9668 | 9664 | 9637 | 9634 | 9615 | 9615 | 96.09

100 9652 | 9687 | 9683 | 9690 | 9681 | 97.00 | 9530 | OL74 | 8392
9642 | 9643 | 9663 | 9657 | 9633 | 9628 | 9609 | 9602 | 96.01

80 9648 | 9688 | 9684 | 9696 | 9683 | 97.06 | 9517 | OL78 | 8384
9631 | 9636 | 9680 | 9683 | 9677 | 9676 | 9669 | 9668 | 96.66

30 9643 | 9689 | 9675 | 9700 | 9677 | 9705 | 9531 | o184 | 8381
9621 | 9629 | 9679 | 9689 | 9683 | 9689 | 9684 | 9685 | 9691

30 9637 | 9667 | 9677 | 9678 | 9690 | 9688 | 9552 | 9231 | 85.00
9610 | 96.18 | 9672 | 9682 | 9688 | 9689 | 9685 | 9693 | 9695

20 9642 | 9667 | 9681 | 9675 | 9683 | 97.07 | 9567 | 9233 | 8588
9605 | 9609 | 9671 | 9679 | 9688 | 9691 | 9688 | 9689 | 96.93

10 9417 | 9433 | 9406 | 9466 | 9409 | 9471 | 9560 | 9335 | 83.8
95.84 | 9591 | 9653 | 9671 | 9681 | 9683 | 9680 | 96.83 | 96.87

3 8566 | ©85.18 | 8546 | 8526 | 8527 | 8526 | 89.77 | 9526 | 82.89
95.66 | 9573 | 9648 | 9663 | 9672 | 9677 | 9673 | 9671 | 96.80

0 7701 | 7635 | 7673 | 7682 | 7626 | 7571 | 7700 | 7846 | 9287
95.65 | 9564 | 9625 | 9648 | 9660 | 9665 | 9661 | 9665 | 9673

Table 3. Retrieval performance for spatial-
chromatic histograms. The layout is the same
as in Table 1.

4 Conclusions

An extensive series of experiments were conducted to
explore how the recent JPEG2000 image compression stan-
dard performs in comparison to its predecessor JPEG.
While several evaluations have been reported in the liter-
ature covering various aspects of compression algorithms,
our main interest was to see how JPEG2000 does compared
to JPEG when it comes to image retrieval of compressed
images. In summary, the experiments carried out confirm
what we set out to demonstrate, namely that JPEG2000 is

not only a better compression algorithm in terms of image
quality and robustness, but that this also translates to a su-
perior method when it comes to its application for image
retrieval.
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