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ABSTRACT

This paper exploitindependent component analyéiSA)

to obtain transform-based compression schemes adapted t S :
specific image classes. This adaptation results from thecomplete bases from training images. Since Fhese bas_es are
data-dependent nature of the ICA bases, learnt from train_nlslr;-ortlhog;)hnal, 1\/:/)etapplyfvarla_nts of (tjmatchlng {:.)ursun

ing images. Several coder architectures are evaluated an(g ) algori m.[ to periorm Image decomposftion.
compared, according to both standard (SNR) and percep-, The paper is organized as follows. Section 2 describes
tual (pictur,e quality scale- PQS) criteria, on two classes how the basis vectors are extracted from faces and finger-
of images: faces and fingerprints. For fingerprint images, prlni[ mgges US'T]g ICA.IIn Ser(]:Flon 3, we r(TVIe\(vhorthog-d
our coders perform close to the well-known special—purposeOna an no_n—ort ogona matg ng pgrsun algorithms, an
wavelet-based coder developed by the FBI. For face imagespresent their energy compaction ability on the ICA bases.

our ICA-based coders clearly outperform JPEG at the low :[l_'he Ec):ocrjler archltec_ture Its ldesc:!{belci_m ﬁecélont_él ’ V\éh'le Sect—
bit-rates herein considered. ion 5 shows experimental results. Finally, Section 6 presents

some concluding remarks.

of A) to develop low bit-rate compression schemes adapted
to specific image classes. We use Hginen’s FastICA al-
gorithm (see [6, 7] for details) to learn complete and over-

1. INTRODUCTION
2. BASIS ESTIMATION
Independent component analysis (ICA) considers a class of

probabilistic generative models in which a random vedfor ~We apply the FastiCA algorithm [6, 7] to estimate both
is obtained according tX = AS, whereA isanN x M complete (V. = M) and over-completel{ > N) bases
unknown mixing matrix and® is a vector of independent for randomly selected training sets @f 8) image blocks
sources [2, 6, 9]. The standard goal of ICA is to infer (learn) (400 per image), after mean removal and sphering by prin-
A from a set of samples . To apply ICAtoimages, each ~ cipal component analysis [6]. In this paper, we consider a
sample ofX usually contains the pixels in an image block. set of fingerprint imagésand a set of face imagésFig. 1

It is known that natural images are well modelled when

the columns ofA are wavelet-like (or Gabor-like) and the fingerprints faces
independent sources (elementsS)fhave super-Gaussian .
(alsopcalled sparse) disstributionsﬁ?l, 6, 9]. gpecially in the ag%#%a:g ==%===;a
case .of (_Jver-complete ICAW{ > N), this sparse nature c_:f EYP ﬂlﬁﬂhﬂﬂ hﬂ!lll.-lﬂ
the distribution ofS means that only a small number of its BOTaAIINRIN SEard=EEmE
components have significant values; this fact underlies the AFFVSENY EAiEgEE=Er
potential usefulness of ICA to compression and denoising E}ﬁ;EE?E =EEEE=E=
of natural images [6, 9]. Despite this, few attempts have .

ges 16, o). Deop ; INATEEN PERFLLE

been made at using ICA for image compression [12].
In this paper, we exploit the data-dependent nature of the
ICA decomposition (onto the basis defined by the columns

Fig. 1. Complete bases obtained by FastICA.
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shows the vectors of completd/( = N = 64) bases ob-  In words, each selected basis vector, before being included
tained from one fingerprint and one face image; notice thein the representation, is orthogonalised with respect to all
more pronounced edge-like nature of the fingerprint basis.previously selected basis vectors, and then normalised. All
Observation of histograms of relative angles between all thethe other steps of the algorithm remain unchanged. The or-
ICA basis vectors reveals that most angles are aldove thogonalisation procedure guarantees convergence in a max-
Since these bases are non-orthogonal, representations camum of N iterations [3].

not be obtained by the standard orthogonal projection pro-

cedure. Alternatively, we consider the use of matching pur- 3.1, Energy Compaction

suit algorithms, described in the next section. ) ) ) )
In this section, we compare the MP and OMP algorithms in

terms of energy compaction, that is, in terms of their abil-
ity to extract good representations with as few as possible
Matching pursuit (MP) is a greedy iterative algorithm that terms. To quantify the goodness of the representations, we
approximates a signal by successive projections on the vecconsider the standard SNR measure

tors of a (possibly over-complete) basis [10]. Formally, let . 2

D = {fi,..., fu} be a dictionary with)M unit vectors SNR, = 10logy (o /MSE:) [4B],

(Il fill = 1) on anN-dimensional Hilbert spac# with in- whereg? is the original image variance, aid SE,, is the

ner product(-,-) : H x H — ZR. Given some function = mean squared error between the original image and its block
g € H, MP obtains a sequence of linear representations by blockn-term representation.

Fig. 2 showsSNR,,, for MP and OMP with complete

3. MATCHING PURSUIT

n
§" = Zai fi, n=12,.. and over-complete bases extracted from a set of three im-
i=1 ages (not including the one being compressed). The results
by applying the following steps. of the Karhunen-Léve transformKLT) [8] are also dis-

_ " played for comparison, since, among all orthogonal trans-
Step 0: Letn = 0 andg” = 0. forms, the KLT has the highest energy compaction ability.
Step 1: ComputeR; = g — g", the residue of the repre-

sentation withn terms.

Energy compaction (fingerprints) Energy compaction (faces)
. . . 25
Step 2: Choose the index of the next basis vector to include e
in the representation according to ~ 2 P
g 8 2
0p = ar max R, f5)|. o s
n gﬁe{l,...,M}K g?f >| % 15 —— MPc % 16 —— MPc
] & Mpov 14 = Wrow
Step 3: Update the representation, 10 e 12 ~ar
JU ] “n 5 10 15 5 10 15
g =9" +ant1fs,, " "
wherea,, 1 = <R_Zlaf5n>- Fig. 2. Energy compaction for image representations ob-

. S - tained with MP and OMP on complete (suffix “c”) and over-
Step 4: Check stopping condition; if it is not verified, let  complete (“ov”) ICA bases.

n < n + 1 and go back to Step 1.

The stopping condition depends on the particular appli- These resglts _show that, for both image classes, an over-
cation; usually, it is of the typd R ||< d, whered is a complete basis yields up to 2 dB more energy compaction
threshold. The residue energyr” ng converges exponen-  than the complete basis. For the same basis, in the first few
tially to zero, if the dictionary is at least complete [3, 10].  iterations, OMP and MP produce roughly the same results;

Orthogonal matching pursuOMP) [3] is a variant of  thatis, MP chooses nearly orthogonal basis vectors without

MP, in which Step 3 is redefined to be the need for explicit orthogonalisation (see also [3]). Due
_ i to its larger coding and decoding complexity (compared to

Step 3: Update the representation, MP), OMP will thus not be further considered. The com-
"= 9" + a1, parison with KLT suggests that MP expansions will be ad-

vantageous in the case of a small number of coefficients.
where
sy = fo, — ZZ:1<f5,,L,up>up 3.2. Coding/Decoding Complexity: Incomplete Bases
I o = 2o pm1 (o up)uyp |7

Consider a set o/ vectors from anV-dimensional space.
anday, 11 = (Ry, Un1)- To representi(e., code) a vectorife. an image block) with



respect to this set, each iteration of the MP algorithm in- block does not exceed a predefined threskoldlocks for

volvesM N scalar products¥/ inner products ofV- dimen- which this criterion can not be met, are coded with a prede-
sional vectors). If each block is coded withcoefficients, fined maximum number of coefficienfgnax. Several tests
the total number of scalar multiplications iIsM N. To showed that most image blocks require less thagx co-
re-synthesizeife. decode) the blockL N scalar multipli- efficients. Consequently, this method reduces the coding

cations are performed. Thus, reducing the cardindlity = complexity and the bit rate, when compared to the use of a
of the basis, reduces linearly the coding complexity. The fixed number of coefficients.
same applies td. with respect to both coding and decod- In the case of variable size blocks, image analysis is per-
ing. These facts suggest that it would be advantageous tdormed using blocks of sizes ¥8.6, 8x8, and 44, organ-
use an incompletel( < N) basis; notice also that we typ- ised in a quad-tree structure [8]. Splitting each<16 or
ically havelL < M. 8x8 block into its four sub-blocks is done when the “max-

To obtain an incomplete basis, witf < N, we have imum absolute difference” (referred in the preceding para-
devised the following procedure. We start by obtaining an graph) exceeds a given value. The resulting tree decompo-
over-complete basis with/’ > N vectors. Each of these sition is encoded using an adaptive arithmetic coder.
vectors receives one vote for each time it is chosen by the
MP algorithm to represent one of the training blocks. The 5. EXPERIMENTAL RESULTS
M most voted vectors constitute the incomplete basis.

5.1. Face Images

4. CODER ARCHITECTURE In our experiments with face images, we Usgax = 10,

The proposed image coder is transform-based, as show)=24, and fixe® x 8 block size. We consider incomplete,

in Fig. 3. The transform coefficients are obtained by MP complete, and over-complete bases, obtained from one or
over the (complete, over-complete, or incomplete) ICA ba- three images, and the two coding methods described: with-
sis. Operation modes with fixed and variable block sizes are0ut indexes (with 5 bits/coefficient); with indexes (5 bits for
considered. Two methods to code the coefficients are studihe first coefficient and 4 bits for the remaining ones). In
ied: sending only the non-zero coefficients and the corre-both cases, the block mean value is quantised with 5 bits.
sponding indexes (this option is represented by the dashed ~Fig- 4 shows SNR as a function of bit-rate. The plot on
lines in Fig. 3); sending all\/ coefficients, regardless of the left hand side refers to bases extracted from one single
their being zero or not. The mean value of each block is image, while the one on the right corresponds to bases ex-

separately quantised (Lloyd I) and entropy-coded. tracted from three images. For comparison, we also include
JPEG results, since it is the standare 8} block coder.

Coef. Ent
—>| Transform Quantisation » CUHOPY L
L--, Coding . . . .
! Basis from one image Basis from three images
1 18 18
iIndexes .} Entropy | > 7 17
" Coding 5_.3 16 g 6
. . x 15 —— MPii ~ —— MPii
Fig. 3. Non-orthogonal transform-based coder architecture.  z , vl g" B
—— MPc —— MPc
o . ) ] ] " ; “P? 14 ; Mng
Coefficient quantisation is performed using a Lloyd | . = i ; = e
quantiser, learnt off-line from the MP coefficients. Entropy Mg M e

coding of the quantiser output and of the indexes is carried _. ) )

out by adaptive arithmetic coders, using source models (his-F19- 4 Face image tests: SNR versus bit-rate. Leg-
tograms obtained off-line from several test images of the €Nd: MFyj, where ac {i,c, o} denotes the type of basis
specific class being considered). In the coding method with S!,f\pompletepomplete,over—complete), and the presence of
indexes, the first coefficient of each block is quantised with | indicates the use of the coding method with indexes.

a larger number of bits and entropy-coded separately using

an arithmetic coder. There is no meaningful performance difference between
the ICA bases obtained from just one or from three images.
4.1 Fixed and Variable Size Blocks The proposed coder clearly outperforms JPEG for the low

bit-rates considered. Fig. 5 shows a face image coded with
We first consider blocks with fixed size x®8). Each block  JPEG and with the proposed coder (using an incomplete
is encoded with a variable number of coefficients; this num- basis of 32 vectors and index-free coding), and the corre-
ber is selected as the smallest that guarantees that the maxsponding values of two distortion measures: SNR picd
mum absolute difference between the original and the codedure quality scalgPQS), which is based on a model of the



SNR=13.7 dB PQS=-3.7

SNR=16.0 dB PQS=-2.3

JPEG ICA

Fig. 5. Coded images with JPEG, and ICA at 0.62 bpp.

SNR=13.2dB PQS=1.9 SNR=11.7dB PQS=1.4

Fig. 6. Coded images with WSQ, and ICA at 0.31 bpp.

human visual system [11]. In addition to better SNR and
PQS, the ICA-coded image is clearly less blocky.

5.2. Fingerprint Images

WSQ (wvavelet scalar quantisatiof#]) is a wavelet-based
special-purpose coder for fingerprint images. In tests simi-
lar to those reported in Fig. 4, WSQ outperforms the ICA-
based coders by ~ 4 dB. The variable block-size coder
(Sec. 4.1), with a complete basis learnt from 3 images, yields
~ 2 dB lower distortion than the fixed block-size coder.

Incomplete, complete, and over-complete bases, learnt
from one or several images, were shown to produce roughly
the same results. This suggests that, for specific classes, it
is not worth to use over-complete bases. For face images,
at low bit-rates, the 88 fixed block-size coder, using an in-
complete basis, yields better SNR and PQS than JPEG, and
also less blocky images. For fingerprintimages, the variable
block-size coder, using a complete basis, has performance
close to that of the special-purpose WSQ coder. Elsewhere
[5], we show that orthogonalised ICA bases perform simi-
larly to WSQ over a wide range of bit-rate values.
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