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Abstract

This paper pesents an image congssion system based on the wavelet transform. The essigr system includesepr
processing toemove unimportant information, wavelet transform of the imagestbiding of the wavelet coeféints, zestree
coding of the thesholded coeffients, and fially arithmetic coding of the zsree code. Post-pcessing is done t@move salt
and pepper noise, an artifact of the wavelet transform at high @ssipn levels. The transformopedue is designed for the
particular class of images showing head and shoulders of individual people fammgviith a homogeneous bac&gnd. A
group of 12 passport photographs is used aspgesentative image set for testing purposes. Results obtained using the wav
transform pocedue ar compaed to the esults of comm@ssing the same images using the JPEG grayscale essiqn
standad. The quality of the images is judged using peak signal to noise ratio (P&NRmpession ratios below 40:1, the
JPEG compession system pduced better quality images than the wavelet systAincompession ratios above 40:1, the
wavelet transform mduced images of better qualityThe wavelet transform gaduced images of above 30dB PSNR at
compession ratios up to 150:1. These imagesaaceptable for subjeatcognition.

1. INTRODUCTION limitation of Fourier methods: non-periodic signals and
signals with discontinuities require marcoeficients to
A passport image or similar photographic ideo#éifion represent accurately
contains the information necessary to visually recognize an The Joint Photographic Experts Group (JPEG) compressic
individual. It is desired to code images of this type with higlstandard is based on the Discrete CoSiransform (DCT).
compression ratios for storage, transmission and securifihis is a type of &urier transform, using cosines as the bas¢
while retaining the information necessary for recognition.  function. DCT has the property that the dméénts of high
General image compression calls for speciéichniques. value tend to be centered around one corner of the image. It
These techniquealf into two catgories: lossless and lossy this property that lossy DCT compression techniques tak
Lossy techniques ark on the principle of remval of adwantage of.
information, and include techniques based on the discrete We would like to deise a transform using a function other
cosine transform (DCT). Lossless techniquaskwon the than a sinusoid as a basis, whiabud represent non-periodic
principle of redundanc reduction, and do not rew® ary  functions in a small number of terms, and represent period
information. The decompresseddiis identical to the original functions well also.This is the idea behindayelets and the
file. The wavelet transform is a lossy technique whichwavelet transform.A wavelet is a function which is localized
provides greater compression than other popular lossy both frequeng and time—vavelets decay to zeroward
techniques at the same image quality infinity in both domains.Wavelets hae the further property
Pre-processing the images increases the compression ratat the integrate to zero, which implies that the functions are
by taking adaentage of properties of the images that remairfbalanced” abwe and belw the time axis.
consistent throughout the image set. Such properties must belo take a vavelet transform, we st select a avelet base
identified and shwn to be consistent throughout the set befordunction, and then correlate each possible scaling an
they can be used to increase the compression. In the image seinslation of that avelet with the function to be transformed.
used, these properties include the position of the head and thiee correlation alues thus obtained are the dasénts of the

homogeneous background. wavelet transform. The equation for the scaling and
translation of the avelet function is
2. THEORETICAL BACKGROUND _ 1 t-bg
Yab = ZV03 O 1)

21 Waveet Theory

The discrete 6urier transform represents a sampled sign
as a sum of sinusoidsThis method has been used for the
compression of data, by recognizing that while aurker
representation of a signal typically has anniidi number of
coeficients, the majority of the information in the data is
contained in the it fav coeficients. There is an inherent

Yvhere Y(t) is the original, or “mother” avelet, a is the

a . .

scale &ctor andb is the translationafctor Because avelets

have two variables associated with them, theavelet

“spectrum” of a function is ter dimensional. While the

Fourier transform is a function of frequenche wavelet

transform is a function of both scale and translatidrhis

allows for much greater time-frequencesolution than the



Fourier transform, which cannot localize in tim€he discrete

decompositions are small. If we remeosome of these small

wavelet transform uses avelets at non-gerlapping locations coeficients, we reduce the storage size of the imagke
and a finite number of scales, each half as detailed as the lashuman visual perceptual system cannot detect these sm

There are manwavelets used in currentask. One of the
most commondmilies of vavelets is the Daubechiearhily,
named after Ingrid Daubechies who has dotteresive work in

errors in the image, and because we are designing a system
the purposes offte recognition, we can rera great deal of
information from the reconstruction and stillveaan image

this field [Daub90] [Daub92].This paper uses the Daubechiethat is suitable for recognition.

4-tap vavelet.

2.2 Waveletsfor Image Compression

23 ZerotreeTheory
Zerotree coding is a techniquevdped by Jerome Sha-

The Fourier transform of an image stored as an array @ pixpiro which pravides a compact representation of thavelet

values consists of taking theurier transform of each woof
data, and then of each colummhis can be easilyx¢ended to
wavelet transforms. The two-dimensional \avelet transform
has three associatednables: translation in the-direction,
translation in they-direction, and scale. The transform is

coeficients of an image [Shap93J'he theory bgins by rec-
ognizing that the alues and locations of cdiefents in difer-
ent levels of a multiresolution wavelet coeficient
representation are similaBecause of this, we can recognize
that a zero-aglued codicient in one leel often corresponds to

generated by taking theauelet transform of the ms and of four zero-@alued codicients in a laver level. This is shavn in
the columns.The order in which the transforms is performed iBig. 2. These trees of zero cdiefents can be coded by merely
irrelevant. coding the root coétient of the tree.This provides the com-
The wavelet transform of a digital image mek use of pression—none of the cdigfients belw the root need to be
multiresolution analysis to represent the three-dimensioreided.
wavelet transform in t@ dimensions. Multiresolution analysis Shapiro considers a coding scheme whereby eacfiaciesf
merely implies wrking with the data at ddérent scalesThere that is not a member of a zerotree is coded by one of
are a finite number of scales at which to wiesampled data symbols. These are POS, NEG, ZTR, and ISZ, correspondin
such as an imageAt each progresgely coarser resolution, we to positve coeficients, ngative coeficients, zerotree roots,
take a vavelet transform using aawvelet of one scale. and isolated zeros, respeeli. Zerotree coding is lossless.
The wavelet transform splits the image into high-frequenc Zerotree symbols are assigned tavelet coeficients as the
(H) and lav-frequeny (L) components at each scal@he H coeficient fie is scanned recurgly from the smallest
components at each scale are retained, and the L componsettions to the lgest sections. If a cdafient is zero, then
are fltered a@in at the net scale. The splitting is done in both corresponding co&€ients in laver resolutions are cheett. If
directions, partitioning the image into four sections, asveho all of these “children” are zero, then the dgént is coded as
in Fig. 1. Here, LL is the section consisting of thevloa ZTR. If een one of the children is not zero, the fioédnt is
frequeng components in both directions. HL is the horizontaloded as an 1SZThe absolute alues of the POS and NEG
high frequeng components, LH is theevtical high frequenc coeficients are coded in a list after the zerotree symbol list.
components, and HH is the high frequecomponents in both
directions. 24  Arithmetic Coding Theory
The process continues, splitting the LL subsection of theArithmetic coding is a method of lossless data compressic
image into four smaller subsections in the sarag wntil the which uses the frequepof data symbols to encode the data.
LL subimage is as marmpixels wide as the number of taps foiThe arithmetic coder used in this system will be coding th
the wavelet. The result is a multiresolutiony@mid structure zerotree symbols produced by the zerotree coder describ
containing information about the image at each scale, as in Eove.
1 (d). This is an gact representation of the image data—the The concept behind arithmetic coding is to represent
inverse transform reproduces the original image. message as an intatvof real numbers between 0 and 1
The compression associated withvelet transforms comes [Kins91]. Each symbol in the data string is mapped to a rang
when we see that marof the wavelet coeficients in these which represents its relaé probability of occurrence in the
messageAs the message is encoded, each symbol reduces 1

il real number range. Once all the symbols in the message h
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n

Fig. 2. Zerotrees in aavelet coeficient representation.

@) (b) (©) (d)
Fig. 1. Multiresolution signal decomposition. a) original.
b) after ravs are transformed. c) aftemrs and columns are
transformed. d) after entire image is transformed.




been used, the message is completely represented byahe tw
real numbers that mark thadil range.

25 Thelmages

The techniques described abacan be used to compresy an
general image.We are concerned with the use odvelets to
compress head-and-shoulder images, frequently used as

identification on a drier's license or passport. Certain Fig. 3. Corolution smoothing mask.
constraints to are necessary make image set homogeneousimportam information, and so these sectionsuld not be
and suitable for identiation purposes: smoothed as much.
portion of torso. _ different sizes at dirent locations in the image, according tc
*The subject should beding forvard, and the head should 5 pre-determined masRihe mask used is sha in Fig. 3.
be relatvely level and centered in the image. A normal smoothing fier leaves the edges of the image

*The background should be nonered, prefgrably white.  ynchanged. The wavelet transform picks up the boundary
If the person usesyeglasses for normal vision, hehould  petween the smoothed and unsmoothed areas, as well as
be worn. No other artifiial elements should appear on theyigher frequeng information in the unsmoothed aredis is

face (e.g. hats). . undesirable. Since the recognition information in our image
Constraints on the set of images usedewfy the system must s concentrated teard the center of the image, the edges cz
also be considered: be altered.We replace the edges of the image withefsxof

*Each image in the set shouldveathe same type of \aye 255, corresponding to the white background of tt

background, the same relaiposition and orientation of jmage. The fiter then gradually smoothes from the white of
the subject, and should be the same size and shape.  the edge to the image data.

*The subject base should be agedie as possible.
*The size of the images shouldcfiitate processing—the 33  pog-processing

should contain stitient detail, it not be unwieldy The At high compression, the discretemelet transform has the

bisections in order to perform theawelet transform. reconstructed imageThis noise increases as moravelet
A search of the internetag performed, and mpimage sets coeficients are remed from the image.

were found. Hwever, most of these were produced for the The sait and pepper noise is remo by fiding reions

purpose of d&ce recognition, and were therefore intentionallyygnded by high diérentials, and ling these rgions with a
not homogeqeous. constant leel which is an @erage of surrounding peks.

_ Itwas decided then that weould create a database @& The high diferentials indicate the noise and not the imag
images suitable to our useéA group of \olunteers had their gata because the result of a high compression discestdet

passport photographs tak and these photographs wergransform is an image with little high frequgrinformation.
scanned to 512 x 640 ils, at a resolution of 300 dpiThe

image set consists of 12 subjects, represeptatof 4. EXPERIMENTAL RESULTS
characteristics such as age, gender and race.

4.1 Experiments

3. IMPLEMENTATION CONSIDERATIONS The pre-processed images were compressed using the JF
standard and theawelet system.The JPEG compressor used
31 TheSystem contains a parameter called JPEG qualigtdy with an

The compression system operates by thresholding to Z8K@eger range from 1 to 100.The wavelet system used a
small coeficients in the \avelet representation of the pre-parameter corresponding to the percentage officiefts
processed image, and then zerotree coding the thresholgg@sholded to zeroThis parameter has a real number rang
wavelet coeficients and arithmetic coding the zerotree codgrom 0 to 100.

percentage. compression standard at 7 fdient settings of the quality
) parameter: 1, 5, 10, 20, 50, 75, and 98e same images were
32  Pre-Processing compressed using theavelet system at 8 dirent levels: 50%

A smoother image will compress better because MO} the coeficients remued (or as close as possible), 90%
coeficients will be zero after thresholding, and thugyéar g5o4 98%. 99%, 99.5%, 99.7%, and 99.9%. Both of thiese f
zerotrees will be foundWe smooth portions of the image thatsets were further compressed with the arithmetic co@iae
are unimportant to the idengétion of the subject, such as thesjzes of these lis were recorded, and the qualityasv

background. The shoulder line and theade contain the compared.The quality of the avelet compressed imagesisv



calculated before and after post processing, tovshe efect of 4.5 Discussion of Results

the post-processor The charts of the relationship between compression rati
The goal vas to compare theawelet transform compressionand PSNR she that at lever compression ratios (near 20:1),

and the JPEG compression, all other parameters being eqt@. JPEG compression system produced images of high

This is why we use the pre-processed images, and compressdhality than the avelet compression system, for the same

result with the arithmetic coder compression kel. However as the compression raticasv
increased, the PSNR of the JPEG compressed imag
4.2 Measures degraded more rapidly than that of themelet compressed

The compression is measured using bit rate, in bits pel piknages. At higher compression ratios (near 100:1), the
(bpp), and is calculated bywuiiling the number of bits used towavelet system produced images of higher quality
store the image (& sizex 8) by the number of pets in the A PSNR of near 33dB, which is considered acceptable fo
image, 512x 640 = 327,680.An uncompressed image has a&ubject recognition, is achied by the JPEG system at a
compression of 8 bpp.The compression ratio is found bycompression of 0.092bppA comparable PSNR is ackid
dividing the original fie size, including header (327,736 bytes) 55
by the compressedldi size. An uncompressed image has a JPEG
compression ratio of 1:1.

The quality of the image is assessed using peak signal to 45

noise ratio (PSNR) which is calculated as: = 40 post-processing
2 Z
PSNR = 10l0g MAX @) x 35
1 wh . .2 " 30
i=1j=1 25
where w and h are the width and height of the image 20 Wavele/
respectiely, o is the original image data, and is the
compressed image dataMAX is the maximum &lue that a 15 10 _ 100
pixel can hae, 255.A PSNR of 30 dB or greater is considered . Compression Ratio (x:1

Fig. 4. PSNR vs. compression ratio using JPEG aave het

to be acceptable for subject recognition. compression for the image “al”.

PSNR is a measure of mathematical similarity between the

- . . g . 55
original image and the compressed image. It is not a direct JPEG
measure of the perceptual visual qualitye. the vay the image 50
looks to the humanye. Havever, PSNR can be used as an 45 .
indicator of the image quality = 40 g\éas¥$$£<¥é|;2ing

e

43 Results z 35

Fig. 4 shavs the results of compressing the image “al” using 9 30 \
the JPEG compression standard and tleeelgt transform 25
developed in this paper Presented are both the result of the /
wavelet transform alone, and the result of tlawalet transform 20 Wavele
with post-processing to reme salt and pepper noise. No such 15

. . 10 100

post-processing & used for the JPEG compressed images Compression Ratio (x:?
because the salt and pepper noise is a result of #aelaev Fig. 5. PSNR vs. compression ratio using JPEG aaveiat
transform. compression for the image “jt".

Comparable results were ackeed with all the images, for 55
JPEG and the avelet system after post-processing. Sigaifit 50 JPEG
differences were obsad in the results of theawelet system
before post-processing. Three classes of images were 45 Wavelet with
recognized: images with results similar to those of the image %‘ 40 post-processing
“al”, where noise décts are seen only after about 40:1 ©
compression ratio; images with results similar to the image “jt”, Z 35
where noise éécts produce a consistentgdadation in image o 30 \
quality over the entire compression range, and images with
results similar to the image “ej”, where noiséeefs are more 25 Wavele/
pronounced at lwer compression rations and agry high
compression ratiosThe results for the images “jt” and “ej” are 20 10 100
presented in Figs. 5 and 6, respelfi. The investication of the Fig. 6. PSNR vs. Co(ﬁgggggisgéogﬁoaggi%?%c; it

cause of these phenomena igdrel the scope of this paper compression for the image ‘e



by the wavelet system at only 0.056bppA comparable to compressdcial images could bevasticated.
compression (to 0.088bpp) using thewvelet system has a The wavelet transform ws compared to the JPEG
considerably higher PSNR of 36.76dB. compression standard onlyFurther comparisons could be

Apart from PSNR, the visual quality of the images must alsmade to other image compression techniques, such as neu
be considered. Because the original intent of the system isntet codebook compression, or compression schemes based
compress identifiation photographs, we can judge visuatechniques such as fuzzy logic or genetic algorithms.
quality by hav readily the images can be used to identify the It was seen that there are three gaties of noise &cts in
subject. Fig. 7 shes comparisons of the image “al’ the image set. These catgories could be iesticated
compressed using the JPEG system, and using #helev further—What features of the images do these goaies
system at comparable qualipnd comparable compression.  represent?Are there more than three cgteies? This seems

to be a problem thatauld be suited to neural netvks.
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