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Abstract

Edges provide semantically important image features. In ths pa-
per a lossy compression method for cartoon-like images is @sented,
which is based on edge information. Edges together with somad-
jacent grey/colour values are extracted and encoded using alassical
edge detector, binary compression standards such alBIG and state-
of-the-art encoders such a®AQ. When decoding, information outside
these encoded data is recovered by solving the Laplace eque, i.e. we
inpaint with the steady state of a homogeneous di usion process. For
the discrete reconstruction problem, we prove existence ahunique-
ness and establish a maximum-minimum principle. Furthermaoe, we
describe an e cient multigrid algorithm. The result is a sim ple codec
that is able to encode and decode in real time. We show that for
cartoon-like images this codec can outperform theJPEG standard
and even its more advanced successdPEG2000.

1 Introduction

Edges play an important role not only in human visual perception. Also
in image processing and computer vision their importance is indisputieb
Edges build the basis of various algorithms and can be understood @s
intermediate step from a pixel-based to a semantic image represainn.
The aim of so-called second-generation image coding methods [28,i420
incorporate properties of the human visual system into image codjn They
try to extract visually signi cant areas of the image and neglect of igually
insigni cant data. Thus, those methods are in general lossy. In otrast
to well-established methods such a¥#’EG [40] or state-of-the-art codecs as



JPEG2000 [48], second-generation coding methods usually do not rely on
basis transforms.

The fact that human beings are able to understand cartoons and &rdraw-
ings indicate that edges provide meaningful data in the sense of ced-
generation image coding. Since it is more compact to describe an imdnye
a few contours than by many pixels, it seems natural that edge infoation
can be exploited for image compression.

There have been numerous theoretical and experimental papg8d, 54, 9,
55, 8, 7, 21, 17, 34, 10, 45, 11] which have shown that reconstrons from
edge data is in general possible. It has been experienced that theations
of edges do not su ce to reconstruct an image. The mentioned paps make
di erent suggestions about which data should additionally be added iarder
to obtain \complete" reconstructions. Some suggest to incorpate gradient
information, others the grey values adjacent to the edges. It idsm possible
to consider subsampled image data that lies not directly at the edge o
include some scale information. Not all the mentioned papers usedeth
reconstruction approaches for image compression. Howeverpsk who did
were not able to come up with competitive results to compression sidards
such asJPEG.

Moreover, the world wide web contains plenty of cartoon-like imagehat
most often are compressed byPEG. None of the standard codecs o ers a
specialised method for the lossy compression of such images.

Our Contribution The goal of the present paper is to address this prob-
lem. We show that it is possible to obtain high quality reconstructions
for cartoon-like images when edges are stored in combination with jad
cent grey/colour values. Missing information is obtained by computo the
steady state of a homogeneous di usion process, i.e. by solving thaplace
equation. In the literature, the last step is often referred to as PE-based
inpainting or PDE-based interpolation.

Furthermore, we compare di erent state-of-the art technique for encoding
the edge locations and the adjacent grey/colour values. Thereloyir method
can even outperform the quality of leading compression standardsch as
JPEG2000 in terms of compression rate.

We provide a proof of existence and uniqueness for the solution bétunder-
lying interpolation scheme and show that it satis es a maximum-minimum
principle. Moreover, we develop an e cient solver for computing thesteady
state of the corresponding di usion process. This allows us to erdm and
decode images in real-time.



Organisation of the Paper Our paper is structured as follows: Section
2 describes the encoding method, including edge detection, edgeatmn
encoding, and pixel value encoding. In Section 3 we explain how the-en
coded image can be decoded. The most essential part in this sectigrihe
reconstruction of missing pixels between edges with the Laplace atan.
In Section 4 we derive the linear system of equations which arisesnfréhe
discretised Laplace equation. We prove that the solution of this lineays-
tem exists, is unique and satis es a maximum-minimum principle. Sectidn
gives a detailed explanation how the steady state of the correspling di u-
sion process can be computed e ciently with a suitable multigrid algortim.
After an experimental evaluation in Section 6 we conclude our papeith a
summary in Section 7.

Related Work  Let us now brie y mention some related work which has
not been discussed so far.

Since our method can be seen as a representative of second+g¢ina coding
[28, 42], it is related to compression methods that exploit perceptilarele-
vant features. Of course, such features often incorporate gedinformation.
A good survey of di erent second-generation image coding meth®d given
in [42].

The idea to use inpainting for image compression has been also exphbite
in [29, 41, 52] where so-called structure and texture inpainting ideaare
integrated in standard codecs such a¥PEG.

More closely related are papers as [15, 16, 46] which use PDE-baswel-
polation for compression. In contrast to our approach, they doat rely on
edges but use a sparse point mask. For e ciency reasons this pomiask is
restricted by a binary tree structure such that the position of tle interpola-
tion points cannot be chosen optimally. Hence, such methods reqeimore
sophisticated interpolation functions based on nonlinear anisotrapdi usion
processes.

Recently Kestler et al. [26] developed multigrid methods for the appach
proposed in [15]. They could show that it is possible to use these to ede
videos in real-time on aPlaystation 3 with a CELL multicore processor. By
using homogeneous di usion, our method is considerably simpler araster
than these ones that are based on nonlinear anisotropic di usion gresses.
We will see that it provides real-time performance already on a singtae
CPU.

Our semantic image compression approach can be regarded as aispén-
plementation of a recent result on optimal point selection for compssion
with homogeneous di usion: In [1] it is proven that for interpolation wth



homogeneous di usion one should select the interpolation data in grortion

to the modulus of the Laplacian. Thus, the modulus of the Laplacianed
scribes how important a certain pixel is. For a piecewise smooth images
it is the case for cartoon-like images, those pixels are given by the @i on
both sides of an edge. Moreover, since individual points may createpleas-
ant singularities in the solution of the Laplace equation, it is reasonébto

prefer whole edges. Furthermore, edges can be encoded moreiently than

the same number of individual pixels.

This manuscript is an extension of a conference publication [33]. Diences
are the evaluation of di erent bi-tonal encoders and entropy caats. Fur-
thermore, we have improved the strategy to collect the pixel valgsealong the
edges and have introduced a step for presmoothing these. We ptament
this paper by a detailed chapter on the discrete theory for the inpating

problem with homogeneous di usion and present an e cient way how d
solve the arising Laplace equation. Eventually, we give a detailed evation

of the compression and the run time capabilities of our codec.

2 Encoding

In this section we explain the encoding phase, which essentially cotsief
three steps. First of all, edges are extracted which encode the dtion of
adjacent grey/colour values. The second step is to encode thdeeations
e ciently. The last step addresses the encoding of the grey/colawalues.

2.1 Edge Detection

The encoding of an image starts with the detection of edge informan.
Until today many edge detectors have been developed. In this papwe
focus on one of the most classical edge detectors, namely the Mdildreth
edge detector [35]. Edges are de ned as zero-crossings of thplaeian of a

u= Un, = Un . (1)

In order to remove zero-crossings that have no obvious perceaksigni cance
we combine the Marr-Hildreth edge detector with hysteresis thrbslding as
suggested by Canny [6]. That means we rst de ng the edge magnde as the
length of the vector (r uqj;:::;jr umj)™, i.e. as jr ugj2+  +jr uwj?,
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Figure 1. The static template as used byiIBIG in our codec. The X marks
the pixels which is encoded next.

where the gradientr up, in channelm is computed using Sobel operators.
Then we identify edge candidates as pixels where the edge magnitedeeeds
a given thresholdT;. All edge candidates with an edge magnitude that is
larger than a thresholdT, > T, become seed points for relevant edges and
are considered to be nal edge pixels. In order to keep edge pixets\nected
as much as possible, we recursively add all edge candidates that adlgcent
to nal edge pixels.

We are not necessarily bound to a this specic edge detector. Howee,
comparisons with the Canny edge detector [6] and an edge detentimethod
based on the Tobbogan watershed segmentation [13] have showattfor
cartoon-like images most often the zero-crossings-based edg&edor gives
the best results.

2.2 Encoding the Contour Location

In the previous section we have seen how to detect edges. Thee=dtell us
where the pixel values lie that will later on be encoded. We explain novow

to encode these locations e ciently.

The edges of an image can be visualised as a bi-level image using black
colour for edge pixels and white for background pixels. In the follongnwe
denote such an image as edge image. For the compression of bi-lewabes
several methods exists. We will consider th@BIG (Joint Bi-level Image
Experts Group) standard [23], theJBIG2 standard [19, 24] and theDjVu le
format [2]. Let us now brie y sketch these methods.

JBIG The JBIG standard has been developed as a specialised method for
the compression of bi-level images, mainly with respect to fax tramgssion
images which contain textual and line drawing information. Our edge iage
actually provides quite similar data.

In this paper we use thelBIG-KIT *[27], which is a free C implementation of
the JBIG coder. To get optimal compression results for our data, we apply

Lavailable at: http://www.cl.cam.ac.uk/~mgk25/jbigkit/
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Figure 2: Test set of edge imagega) comic (512 512);(b) coppit (256
256); (c) boats(512 512);(d) svalbard(380 431);(e) trui (256 256).

the method in its non-progressive mode that also automatically exdes
the so-calleddeterministic prediction. Furthermore, we disable thetypical
prediction step of JBIG. Usually the JBIG standard allows to subdivide
an image into stripes and encodes these stripes separately. Wevpreged
the routine from doing this such that the image is encoded in its entite
Finally we set the maximum adaptive template pixel o set to 0. With these
settings, the routine essentially becomes a context-based aritbtic coder
using a static template for prediction as it is depicted in Figure 1.

JBIG2 JBIG2 is the successor odBIG and can for example be used in
PDF les versions 1.4 and above.

In this paper we use the open source encoddig2enc 2 (Version 0.27) as
well as the open source decodgrig2dec 3 (Version 0.10).

JBIG2 o ers a so-called symbol mode. In this mode it tries to group the
(textual) data into symbols that are stored in a dictionary. This dicionary
is encoded using context-dependent arithmetic coding. The imagesetf is
coded by describing which symbols appear at which position. Note thfor
the open source codejbig2enc this mode is lossy, since similar looking
symbols are represented by a single bitmap onlybig2enc allows also to
disable the symbol mode so that the coder is applied in its generic farm
Then it typically just relies on a context-based arithmetic coding algathm
asJBIG does, and is lossless.

DjVvu  DjVu is a computer le format [2]. It was designed to store scanned
documents. This comprises a combination of text and line drawingsub
also photographs. For pure bi-tonal images the open source Dpibrary
DjVuLibre 4 o ers an encoder that is calleccjb2 . For decoding we useldjvu
which is also included in DjVuLibre.

2available at: http://github.com/agl/jbig2enc
Savailable at: http://jbig2dec.sourceforge.net/
“4available at: http://djvu.sourceforge.net/
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Table 1: Comparison of di erent bi-tonal coders regarding their gopression
ratio and time when encoding the edge images from Figure 2. Codersnt
left to right: JBIG, JBIG2 with generic coder (JBIG2),JBIG2 with symbol-
mode (JBIG2S),DjVu lossless (DjVu) andDjVu losslevel 200 (DjVuL). Un-
derlying CPU: Intel Core 2 Duo T7500 @ 2.20Ghz. The best result incma
line is in bold face letters.

image | JBIG |JBIG2 | JBIG2S | Djvu | DjvuL |

compression ratio in bits per pixel (bpp):

comic | 0.099 | 0.109 | 0.113 | 0.105| 0.104
coppit | 0.124 | 0.137 | 0.158 | 0.160| 0.143
boats | 0.256 | 0.273 | 0.304 | 0.298| 0.295

svalbard| 0.044 | 0.053 | 0.057 | 0.054| 0.053
trui 0.173 | 0.198 | 0.217 | 0.199| 0.198

encoding / decoding time in ms:
comic 3/ 3|4/ 4| 8/
coppit <11/ 1| 7/
boats 4/ 2|5 519/
svalbard| 3/ 3|5/ 1| 5/
trui <1/ 1|2/ <1]| 5/

21/13 | 28/ 10
16/16 | 15/ 18
29/22 | 45/ 18
13/16 | 17/ 21
14/21 | 23/ 14

Rlhlo|wN

The method used bycjb2 is called JB2 and is similar to the symbol mode
of JBIG2. cjb2 provides a lossless and a lossy mode which allows small
changes on the input image in order to improve the compression ratidVe
tested cjb2 in its lossless mode as well as its highest possible lossy setting
(i.e. losslevel=200).

Table 1 gives a comparison of the methods, using a test set of ve drent
edge images (see Figure 2). The results suggest to favd&lG for the en-
coding of our data. Even the lossy mode of DjVu cannot beat its cgression
rates. In addition, JBIG is most often the fastest of all presented methods.
For the results shown in Section 6 we restrict ourselves to tilBIG coder.
In general our codec allows to choose any of the presented edgdets by
setting a ag in the le header.

2.3 Encoding the Contour Pixel Values

In this section we consider the grey/colour values we want to stareThe
locations of these pixel values are encoded by the edge locationg&slusually



split areas of di erent brightness or colour. Thus, it is obvious thatve should
not store the pixel values that lie directly on the edge. Instead weae
the values from both sides. In addition, we store all pixel values fmo the
border of the image domain. This has proven to give better resultshen
reconstructing missing pixels during decoding.

Ordering of the pixel values Pixel values along one side of a contour
usually change only gradually. In contrast pixel values of oppositades
di er by a considerable amount. This suggest to collect the pixel vags by
the order of their occurrence along the edges instead of row bywor column
by column.

To this end, we suggest the following strategy yielding a 1-D sign&l that
contains the desired pixel values: We create a map with all pixels adjacent
to edges and the border pixels of the image. Then we visit all pixels rday
row until the end of the image is reached and apply the following algohim
in each pixelx:

1.If xisin M, putit on a queue Q.
2. While Q; is not empty do:

(@) Get pixel as x from Q; and remove it from Q;.
(b) If x is notin M goto 2.

(c) Put x on Qg,
remove x from M,
add the pixel value of x to f,
and set Xj.st tO X.
(d) While Q, is not empty do:
I. Get pixel as x from Q, and remove it from Q.
ii. For each pixel XN
that is in the 4-neighbourhood of X
and that is in M do:
If spatial distance between XN and Xjast
is larger than  dy
Put x5 on Ql
else
Put xy on Q,
remove it from M,
add the pixel value of x5 to f,
and set Xp.st tO X.
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Queue Q; contains pixels that have been detected but for which the pixel
value has not yet been added to the 1-D signdl. In contrast, Queue Q-
contains pixels for which the pixel value has already been added fto but
for which the neighbours still have to be explored. The row-by-rovteration
over all pixels ensures that we will not miss any pixel. By removing pixels
that are added tof from M the algorithm is guaranteed to terminate.

In contrast to a pure depth- rst search this strategy collects ot only the
direct pixel values along an edge. Depending aiy also reachable pixel
values which lie up to a certain distance close to the edge can be fourthis
is advantageous if two edges lie so close to each other that they rghpixel
values.

Subsampling In order to compress the obtained pixel values, rst we per-
form data reduction by subsampling and requantisation. Thus, theixel
values along the edges are stored in a lossy manner, since we explisitigr-
sify data along the edges and reduce the resolution of the co-dama

For subsampling we consider the 1-D pixel value signal as found in tpee-
vious section. On this 1-D signal, we perform uniform subsampling. @&h

notes them-th channel, and store only evernyd,,-th value. As already men-
tioned in the previous section, the pixel values along an edge chanydy
marginally and so they do in our 1-D signal. Thus, missing pixels can be
reconstructed in a reasonable way by using linear interpolation. Hewer,
this reconstruction fails, as soon as linear interpolation is performdetween
pixels of distinct edges. Those pixel values can di er by a signi cantraount.
It is indispensable to subsample the pixel values of distinct edges aegely.
To this end, we consider how the pixel values along edges have bedtected
(see previous section). Whenever the recursive search is stdr{that means
whenever a pixel is found by searching row by row for unvisited pixets a
pixel is retrieved from the queue), we assume the previously colledtpixels
to belong to the same edge segment. Thus, we get for each edgsnent a
separate 1-D signal. Note that this approach does not demand ttoee any
additional information since it fully relies on the stored edge image.
According to the sampling theorem the quality of a reconstructedignal
can be improved by presmoothing the original signal. In our methodew
suggest to smooth the separated 1-D signals by a Gaussian contioluwith
standard deviation 1, assuming pixels to have size 11. This removes small
variations, which also improves the compression rate of the entypmoder
later on. Furthermore, smoothing includes some neighbourhood anfmation
into the sampled pixels.



Requantisation ~ The second data reduction step is a requantisation of the
pixel values. Originally our image consist of 256 di erent pixel valuesgp
channel. By requantising we reduce the co-domain tpdi erent pixel values.
One of the simplest approaches is the so-calleddtread quantisation This is

a uniform quantisation that allows to reconstruct the minimal and maimal
value of the original range.

a:= % Then the quantised value is given by

g =

o | X
+
NI
~
N
~

largest integer that does not exceed. In order to reconstruct the value we
compute
fi ag: 3)

Note that this means we subdivide our original range im intervals. All

intervals have the width a, except the last and rst one which have widths.

After reconstruction, all pixel values of the rst interval have been mapped to
0, whereas the pixels of the last interval have been mapped to 255he pixel

values of the other intervals have been mapped to the central pixealue of
the interval. For colour images our method allows to requantise eachannel
separately, i.e. we have}, with m denoting the m-th channel.

Instead of using a uniform quantisation method, it can pay o to usea
non-uniform method as for example the Max-Lloyd quantiser [37, BOThe

goal is to adapt the width of the intervals to the probability with which the

pixel values occur in the original signal: We start with uniform quantiation.

Instead of mapping the values of an interval to the central value @vmap it
to the centre of mass within this interval. We will refer to these poirg as
reconstruction points. Then the interval boundaries are adaptesuch that
they lie again exactly between two reconstruction points.

Starting from this setting we repeat the whole procedure until thanter-

val boundaries do not change anymore. Using the obtained rectrstion

points, we achieve better reconstructions. However, for this gaotiser we
have to store the reconstruction points additionally to reconstret the pixel

values when decoding.

In our case Max-Lloyd quantisation did not pay o, unless for very éw
quantisation levels. Thus, our codec uses uniform quantisation inatnel m

if g, > 8 and Max-Lloyd quantisation otherwise.
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Table 2: Comparison of di erent entropy coders regarding their gopression
ratio and time. Considered are six randomly chosen pixel value datdes,
created by our codec. Fromeft to right: Original le (orig), Hu man cod-
ing (HC), Hu man coding using canonical codes (HCc), arithmetic ading
with static model (ACs), arithmetic coding with adaptive model (AC3, gzip
(Version 1.3.12),bzip2 (Version 1.0.5), LPAQ2, and PAQ608. Underlying
CPU: Intel Core 2 Duo T7500 @ 2.20Ghz. The best result for each igin
bold face letters.

| orig| HC | HCc | ACs | ACa | gzip | bzip | LPAQ2 | PAQS806 |

le size in bytes:

12606| 7058 | 7160 6944 | 7066 | 4300 | 4016 3112 2842
9006 | 4164 | 4336 4087 | 4241 | 2222 | 2095 1658 1495
29298 | 27398| 26380 | 26714 | 25972| 21655| 24163 | 17974 14766

96063 | 48808 | 48900 | 48243 | 42168| 8093 | 7281 5504 4967
13128 | 2178 | 2420 1491 | 1710 | 697 746 467 468
5514 | 6342 | 5439 5800 | 5253 | 5223 | 4981 4300 3949

encoding / decoding time in ms:
3/<1 3/ 4 3/ 2 | 11/10 | <1/3 | 4/<1 | 42/ 37 | 1411/1200
1/ 3 2/ 4 2/ 3] 34 2/2 | 2/ 1| 31/ 34| 686/ 694
4] 5 4/ 19 9/ 9 | 16/16 313 | 7/ 4| 86/ 89 | 2470/2438
5/ 5 6/26 | 19/18 | 57/51 | 11/9 | 68/ 5 | 168/190 | 9041/8377
1/<1 | <1l/<1|<1/1| 6/5 5/2 | 1/<1| 29/ 29| 941/ 825
1/ 2 1/ 4 /3| 4 2| <1/1 | 3/<1| 39734 | 693/ 711

Entropy Coding Now that we have the subsampled and requantised the
pixel values, we want to apply an entropy coder. The most classicahtropy
coders are Hu man coding [20] and arithmetic coding [43]. However, mean-
while there are much more sophisticated compression methods avaléathat
often rely on Hu man or arithmetic coding as part of their coding chan.
Such compression methods are for example given ¢mip®(Version 1.3.12) or
bzip2’(Version 1.0.5).

One of the best compressors available so far are given by #&Q data com-
pressor [32]. PAQ describes a whole family of lossless, GPL-licensed data
compression archivers. They are based on a context mixing algonthwhich

is related to prediction by partial matching (PPM) [39]. More preciselyPAQ
uses a predictor that is provided with a large number of models condihed

Ssources from:http://michael.dipperstein.com
Ssee also:http://www.gzip.org

’see also:http://www.bzip.org

8see also:http://mattmahoney.net/dc/
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on di erent contexts, often even tuned to special le formats. This predic-
tor is applied in combination with arithmetic coding. As in our conferene
paper [33], we consider th®AQ806 release.

Unfortunately, the PAQ806 compressor is rather slow. This suggest to use
the single le compressolLPAQ instead, more precisely the. PAQ2 release.
LPAQ is a modi ed version of PAQ, which is faster at the expense of com-
pression.

Our codec allows to choose between all mentioned compressors.ofpari-
son of their compression capabilities regarding our data is depicted Table
2. For almost all examplesPAQ outperforms the other methods regarding
the compression rate. However, it is also by far the slowest methodu man
and arithmetic coding as well agyzip and bzip2 are up to small di erences
the fastest methods. Depending on the application it is up to the usghich
entropy coder should be chosen. For highest compressidtAQ is recom-
mended. For fastest compressiorzip2 or gzip should be used.LPAQ is a
reasonable trade-o between high quality compression and run timelhus,
we decided to seLPAQ as default pixel value encoder in our codec.

2.4 File Format

After this last step we have two encoded data parts, namely the ended
edge image and the encoded grey/colour values. Including headata] our
encoded image consists of the following parts:

size of edge data, needed to split the encoded edge image from the
encoded grey/colour values, (requires 4 bytes).

edge image coder, indicating how the edge image has been encoded;
default: JBIG, (3 bit).

colour bit, indicating if a greyscale or colour image has been encoded,
(1 bit).

entropy coder, indicating which entropy coder has been used; dett:
LPAQ2, (3 bit).

parameterd, for recursive search of grey/colour values; default: 1, (1
byte).

numbers of quantisation intervalsg, ; default: 25, (1 or 3 bytes).
sampling distanced,,; default: 10, (1 or 3 bytes).

encoded edge image, (variable length, given in rst 4 bytes of heajle
encoded pixel values, (variable length).

12



Figure 3: (a) Zoom into reconstructed colour pixels adjacent to the edges
of the test imagecomic. (b) Zoom into corresponding reconstruction with
homogeneous di usion inpainting.

3 Decoding

To decode an encoded image, we reverse all steps done in the eingochain.
However, the last step of the decoding chain di ers from encodingio get
the nal image, missing pixels are reconstructed by the steadyate of a
homogeneous di usion process.

3.1 Decoding the Contour Location and Pixel Values

We start our decoding approach by reading the header informatioWe split
the encoded edge image from the encoded grey/colour values aretable
them with the corresponding decoders. On the one hand we obtairbanary
edge image giving us explicitly the nal image size. On the other hand vget
grey/colour values that are quantised and have to be reconstrgd (see also
Section 2.3). To this end, we perform the recursive search on thége image
as done during encoding in Section 2.3 and distribute the grey/coloualues.
Missing pixels along the edge segments are lled in by linear interpolation
The outcome is an image which contains the decoded colours on boithes
of each edge (see Figure 3(a)). The grey/colour values of all thther pixels
are still unknown and their recovery is the goal of the next section

3.2 Reconstruction by Homogeneous Di usion

In order to reconstruct missing pixels between the edges we usertogeneous
di usion for interpolation. This is the simplest and computationally mos
favourable inpainting approach based on partial di erential equabns (PDES)
[36]. We prefer this simple approach for several reasons:

13



Figure 4: (a) Modulus of the Laplacian for the test imagevalbardnormalised
to [0,255]. The darker the colour, the larger the modulus of the Lapian.
(b) Detall of (a).

First of all it is one of the analytically best understood inpainting appoaches.
Recently, Belhachmi et al. [1] have proven that one should choodeetinter-

polation data proportional to the modulus of the Laplacian of the imge.

Thus, the modulus of the Laplacian indicates which pixels should preéatly

be stored for the interpolation with homogeneous di usion. For céoon-like

images, i.e. piecewise smooth images, this comes down to the pixelsdatt

right of an edge contour (see Figure 4). Hence, by choosing horangous
di usion for inpainting and the pixels adjacent to edges, we meet thigheory

to a certain extent.

Furthermore, lling-in from image edges resembles a classical nding bio-

logical vision: Already in 1935 Werner made the hypothesis that a ctour-

based lling-in process is responsible for the human perception ofrface
brightness and colour [50].

Finally, for inpainting with homogeneous di usion an e cient implementa-

tion is possible. Section 5 provides such an algorithm for this crucia¢doding
step.

To reconstruct the missing values between the edges by homogmredi u-

sion, we consider given pixel values to form Dirichlet boundaries. Tiheve
compute the steady state (! 1 ) of the following di usion process (also
known as heat equation) [22]:

@Qu= wu: (4)

Already given data are preserved whereas reconstructed datatisfy the
Laplace equation u = 0 (see also [7]). Figure 3(b) shows an exemplary
result for the imagecomic. The discrete theory behind this inpainting pro-
cess is discussed in detail in the next section.
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4 Discrete Theory

In this section we derive a suitable discretisation of the homogenexdi usion
process and discuss important discrete properties such as thaseence of
a unique solution and the maximum-minimum principle. To this end, we
consider two formulations that describe the steady state of the painting
process with homogeneous di usion: A reduced formulation and artended
formulation. The latter is used for the development of a fast hierahical
algorithm in Section 5.

4.1 Reduced vs. Extended Formulation

Let us start by discussing thereducedformulation of the inpainting problem.
To this end we consider a grey value imade(x), wherex = (x;y)” denotes
the location within a rectangular image domain . Furthermore we assme
that the grey values of this image are only known in a subsety of the
image domain. Using homogeneous di usion, the inpainted imaggx) can
then be computed as solution of the Laplace equation

ux) =0 for x2 n ; (5)

with homogeneous (re ecting) Neumann boundary conditions acse image
boundaries, i.e.

@Qu = 0on @ : (6)

All stored points are removed from the set of unknowns and used Birichlet
boundary conditions:

uix) = f(x) for x2 : (7)

As a consequence, the solution is only computed in the inpainting doma

n . Evidently, this domain is no longer rectangular. From a numerical
viewpoint, however, it can be desirable to have a domain of the solutio
that has a regular shape. This issue becomes particularly importargince
we will develop a hierarchical solver that considers the original prtgm at
di erent scales. Thus, we propose aextendedformulation of the inpainting
problem, where the solution is computed on the entire image domain This
formulation is given by

cx)(u f) (@ cx) u=0 (8)

with homogeneous Neumann boundary conditions across the imagsubd-
aries:

@Qu=0o0n @ : 9
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The function c(x) serves as binary mask that speci es whether a grey value
has been stored at a certain location or not, i.e.

1 for x 2 X (10)

—_ K
o(x) = 0 for x2 n g:

By evaluating equation (8) for the two possible values af(x) one can easily
verify that its solution is equivalent to the one of the reduced formation
in (5)-(7). The main di erence is that stored pixels are now \recompted"
instead of being used as Dirichlet boundary conditions.

4.2 Discretisation

In order to compute the solution of the reduced problem (5)-(7)rahe ex-
tended problem (8)-(10) numerically, we discretise all occurring pressions
by means of nite di erences [38, 12]. To this end, we consider the q@iolem
on a rectangular grid withN" = N N pixels, whereN" and N{" denote
the number of pixels inx- and y-direction, respectively, andh = (hy;hy)”

is a joint index that describes the corresponding grid spacing in botfirec-
tions. Furthermore, we index all pixels consecutively, and we deroby "
and K" the set of indices of all pixels and known pixels, respectively. Then
we obtain the following two linear systems of equations: While the sysn
for the reduced formulation reads

X Xowoadw X X 4y
2 - Th2

- hj o h
12f x;ygj 2N (i) 12f x;ygj 2N (i)
(11)
fori 2 "nKDM, the system for the extended formulation is given by
X X yh yh
S @ d) L9 -
12f x;ygj2N (i) !
(12)
fori 2 M ie.i=1;:;NM Here,ul, f", and d' are the approximations

of the corresponding functions at location, and N,(i) denotes the set of
neighbours of pixeli in direction of axis| (which contains up to two elements
per direction).

4.3 Structure of the Linear Systems

Let us now formulate both equation systems in traditional matrix-ector
notation Ahu" = b", where A" denotes the system matrix,u" is a vector
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that contains all unknowns, andb" stands for the right hand side. To make
things more transparent, we illustrate the structure of the redting system

by the example of a 3 2 image, wheref ) and ' are known, and the grid
spacing has been chosen to g = hy = 1 (see Figure 5). While the linear
system of the0 extended formulation islgiven by

210100 9pt 04t
010|000 ul fh
012|001 & Bok.
000|10 o§ U fae
010131 Us 0
001|012 Ug 0
| {z 1z} | {z-}
Ah, Ud bl
the linear syStem for the reducled formulation reads
2 0 ‘ oo 9 nt
% 02|01 8% § % ,3
0 0|31 K )+ f
01 1 2
| 7 }|-{z-} .
Ah ured bped

At rst glance the matrices Af,, and A", may look quite similar, since they
consist mainly of the linear operator that discretises the negativeaplacian.
However, a closer look shows that the treatment of the known piteeis dif-
ferent: While they are still present in the extended system and areence
\recomputed”, they have been eliminated completely in the reduceslystem.
As a consequence, the corresponding grey valdgsre shifted from the right
hand side of the known pixels to the right hand side of their neighbosir
Despite of these di erences, both equation systems have two tigis in com-
mon: (i) They have the same solution in the unknown pixels. Thus, pads
for existence, uniqueness and a maximum-minimum principle carry oveii)
For a given grid spacingh, they are fully described by the binary mask

= (cd;:;d))” and the values off " = (fI';::;f1)>. This is important
for Section 5, where we consider the systems at di erent scales.

4.4 Discrete Well-Posedness

Now that we have established discrete formulations of our reduceshd ex-
tended interpolation problems, let us show that these problems hava unique
solution that remains within the convex hull of the speci ed pixel daa:
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Figure 5: Inpainting example of size 3 2 with two known pixels.

Theorem 1 (Discrete Well-Posedness)

Let K" be nonempty. Then the linear systems (11) and (12) have a umig
solution. In the unknown pixelsi 2 " nK" it satis es the maximum-
minimum principle

min f " u

i o maxf: (13)
j2kh

jokhn

Proof.

It is su cient to prove existence and uniqueness for the reducedrpblem
(11), since both formulations are equivalent. Thus, let us show thahe
system matrix All, is invertible. SinceA',, is symmetric, its eigenvalues are
real. Moreover, by inspecting the Gerschgorin disks @, it follows that
all eigenvalues are nonnegative. However, we have to exclude tBatwhich
can lie on the boundary of some Gerschgorin disks, is an eigenvalue.tiiis
end, we apply a result by Feingold and Varga [14, Theorem 3]: Af is block
irreducible and is an eigenvalue oA that lies on the boundary of the union
of all Gerschgorin disks, then it must lie in all Gerschgorin disks. It isasy
to verify that our matrix A, is block irreducible. Let us now consider some
pixel i 2 " nK?" that has at least one pixelj 2 K" in its 4-neighbourhood.
Then its Gerschgorin diskG; does not contain 0. Thus, it follows that O
cannot be an eigenvalue oAl and the inverse ofAll, exists.

To prove the maximum-minimum principle, it is more convenient to conser
the extended discrete model (12). Sinc&" . is invertible, we know from the

red

equivalence of both models that also the inverse 8f),, exists.

First we show that the inverse ofA",, is nonnegative. To this end we note
that All, has nonpositive o -diagonal entries, positive diagonal entries, ne
negative row sums, and at least one positive row sum. Henog&l,, is an
M-matrix. It is well-known that the inverse of a nonsingular M-matrix is a
nonnegative matrix.

Secondly we prove that each inpainted valua” 2 " nK" can be written

as a convex combination of the speci ed grey valueféjh jj 2 K"g. Letus
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consider the vectorse;g 2 RN with ¢ =1 foralli2 ", and

1 fori 2 KN :

9= 0 else (14)

If i 2 K", then the i-th row sum of A, is 1, while fori 2 " nK" the
corresponding row sum is 0. Thus, we have

Aex€ = 0 (15)
with D :=(Ah,) ! this gives
e=Dg (16)
and therefore X
di;j =1 (17)
j2Kh
foralli2 M. Since X
Uih = di;j fjh (18)
j2Kh

foralli 2 ", and D is nonnegative, we know that! is in the convex hull
offfjhjj 2 KMg. Thus, our maximum-minimum principle is satis ed. This
concludes the proof.

5 E cient Numerical Solvers

After we have shown existence and uniqueness as well as a the maxm
minimum principle for our solution, let us consider the extended forntation
only and show how the corresponding linear systed! ul, = b, can be
solved e ciently. To this end we develop a so-called full multigrid methd {

a hierarchical iterative technique, which belongs to the fastest nteds for
solving the Laplace equation [3, 18]. This is done in four steps. Firstew
select a simple non-hierarchical solver that forms the basis of ouutigrid
implementation. Secondly, we show how this solver can be embeddedain
two-grid cycle that performs useful correction steps at a coamsresolution.
Thirdly, we focus on advanced multigrid strategies that extend thisierarchi-
cal concept to more than two grid levels. Finally, we discuss speci ethils
of our implementation that are related to the use of sparse data.oF simpli-
fying the notation, we skip the ext-index from now on. Furthermoe, as in
the previous section we restrict our explanations to grey value imag. The
extension to colour images is straightforward and comes down to@png
the algorithm to each channel separately.
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12f x5y g j2N (i)
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P

8 12f x;ygj2N| (i)
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(19)

5.1 Basic Solver

A common solver in the context of linear systems as given by the ertied for-

mulation (12) is the classical Gau -Seidel method [53, 44]. The cosgonding

iteration step is given by equation (19), whergN (i) denotes the number of
neighbours of pixel in direction of the axisl, N, (i) := fN (i) jj <i gis the

set of neighbouring pixels in this direction that have already been pressed,
while N,* (i) := fN (i) j i <] g stands for the pixels that yet have to be
updated.

5.2 Bidirectional Multigrid

Unfortunately, iterative solvers such as the presented Gau -&kl method
have one decisive drawback: Due to the local coupling of neighboumsthe
iteration scheme, it may take thousands of iterations to spread iofmation
over large distances. As a consequence, only high frequencieshef érror
are reduced, while low frequencies remain almost undamped. This Isad
to a convergence rate that is very fast at the beginning, but slondown
signi cantly after a few iterations already.

In order to overcome this problem, bidirectional multigrid methods [34, 18,
49, 51] make use of coarser levels where they obtain useful attfom steps.
How this works exactly will be described in detail by the example of the
following two-grid cycle that forms the basis of our implementation.

(1) Presmoothing Relaxation First, we perform a few iterations with
the Gau -Seidel method given by equation (19). This allows us to rede
the high frequency components of the estimation error.
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(2) Coarse Grid Computation Since the rst step only gives us an
approximation & of the correct solutionu”, we are interested in computing
the error e" = u" ©" to correct our result. Unfortunately, this error
cannot be determined directly. However, it is possible to computegiresidual
rh =b" Ahgh that is related to the error via the following equation:

Ahel = AU+ AMg" = P Al = M (20)

The basic idea of bidirectional multigrid methods is now to transfer tis

so-called residual equatiorA"e" = rM" to a coarser grid with grid spacing
H > h by restricting the entries of A" and r". Apart from the reduced
computational e ort on the coarse grid, this strategy o ers theadvantage
that low frequencies on the ne grid reappear as higher ones on tlcearse
grid. Hence, they can be e ciently attenuated by applying the saméerative

solver that was already used in the presmoothing relaxation step.ransfer-
ring the residual equation to the coarse grid yields the following sysh of
equations:

X X ¢ el
e g ¢T=ci“ri“
12 xygi 2N ()
(21)
fori = 1;:::;NH . As one can see, this system has the same structure as

the original one from the ne grid given by equation (11). Moreoverwe
observe that it is su cient to restrict the entries of c" andr" to set up the
coarse grid equation systems, since the discretisation of the Lagkn follows
directly from the new grid spacingH . In order to solve this system we may
use the Gau -Seidel method from (19) or, if the number of pixels isvall
enough, a direct solver such as Gaussian elimination [47].

(3) Coarse Grid Correction After we have solved the residual equation
system on the coarse grid, we have to transfer the computed @rback on
the ne grid to correct our previous approximation. This correctim step is
given by e, = & + eM.

(4) Postsmoothing Relaxation Finally, we perform again a few itera-
tions with the original Gau -Seidel method from (19). This step allow us to
remove high frequency errors that have been introduced by thetémpolation

of the coarse grid error.
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5.3 Advanced Multigrid Strategies

Instead of solving the residual equation system at the coarse grilirectly,
it is much more e cient to use a third, even coarser grid that provids a
correction step for the second one. Such a hierarchical applicatiof the
two-grid cycle is calledV{cycle. Visiting each coarse grid twice per level
level yields the so called W{cycle, which o ers better convergencates at
the expense of slightly increased computational costs.

Additionally, one can speed up the computation by starting with a resonably
good initialisation. To this end, we embed the W{cycle in a coarse-tone
estimation framework: Starting from a very coarse grid, we sucsvely re-
ne the problem, where solutions from coarser levels serve as initiai®n
for ner ones. At each level, the previously explained W{cycle is usetb
solve the resulting linear system. This combination of error corréon steps
and hierarchical initialisation yields the multigrid method with the best per-
formance: Full Multigrid. A sketch that illustrates how the di erent grids
are successively traversed is shown in Figure 6.

Fine

Coarse

Figure 6: Full multigrid scheme for four levels with increasing resolutiofrom
H %to h (decreasing grid size). At each level one W{cycle is used to solve
the resulting system.

5.4 Implementation Details

In our implementation, we use a full multigrid scheme with one W{cycle gr
level, where the number of pre- and postmoothing iterations is set 2. The
transfer between the di erent grids is realised by non-dyadic vemns of area-
based averaging and area-based interpolation as proposed in [5].weeer,
since these operators are not designed to deal with sparse datéed up
with zeros, we have to normalise the result after restriction suchhat values
averaged with zeros still make sense. To this end, we propose aatgy
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Figure 7: Dierent test images: (a) coppit (256 256, real world); (b)
svalbard (380 431, real world);(c) comic (512 512, synthetic).

similar to normalised convolution known from scattered data interpation
[25].

The key idea in this context is to exploit the fact that all averaging eects
become explicit in the restricted versiore”™ of the binary maskc". In par-
ticular, this restricted version may contain values in the complete raye from
0 to 1. Assuming that we have obtained the coarse grid resw' by restric-
tion of the corresponding ne grid datav", we thus propose the following
subsequent normalisation:

8
< v =d for &' 60

H — .
i T 0 for el =0 (22)

This normalisation is applied to all sparse data after restriction, i.e.d the

imagef ", the residualr", and the maskc" itself (which makes it binary

again).

When interpolating the solution ut or the error e from coarser to ner

grids, we can exploit the fact that the result is known at certain pasons,

i.e. wherec = 1. At those locations, we simply set back the data to the
known values.

6 Experiments

Let us now investigate the capabilities of the suggested codec. Tas end
we rst compare the codec presented in [33] with our new, improveder-
sion. Then we give a comparison to well-established and state-okthrt
compression methods, namelyPEG and JPEG200Q Finally we identify
the limitations of our method.
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T
Figure 8: Edge images obtained by zero-crossings-based edged®n such
that visually pleasant reconstructions are obtained. Edge detemt parame-
ters are chosen such that false edges are avoided. Edge imagddprcoppit
(T, =4:3, T, =23, =0:5), (b) svalbard(T, =3:5, T, =20, =0:6)and
(c) comic (T, =20, T, =20, =0:47)

For quantitative comparison, we use thgeak-signal-to-noise ratiqdPSNR), a
common error measure for the comparison between compressedges: Let
max be the maximal possible pixel value, which is 255 in our case. Fueth
more, letN be the number of image pixelsM be the number of channels and
(f mi )i=1=n @nd (Unm:i )i=1-n the pixel values of the original image in channel
m and its reconstructed/decompressed version, respectively. 8HPPSNR is
de ned via the mean squared error(MSE):

max?
PSNR :=10 | — B]; 2
with
L WX )
MSE = mmzl i:1( mi um;i) . (24)

For runtime measurements we use only one core of an Intel Core @dT7500
@ 2.20Ghz CPU and measure the elapsed time.

The underlying test images are shown in Figure 7. Wherea®ppit and
svalbardare cartoon-like real world imagesgomic is a pure synthetic image.

6.1 Comparison with the OIld Version of the Codec

Let us rst briey compare our new codec with the previously suggsted
codec of our conference paper [33]. To this end we use the sameiteages
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Table 3: Comparison of the improved codec with the old one given in our
conference paper [33]. Sampling distances aig = 5 for all test images
(m 2 f 1;2;3g). The quantisation parameters areg, = 16 for coppit and
On = 32 for the others. The additional parameters of the new methodre
set to their default values. The best results are in bold face letters

image coppit svalbard comic
approach old| new old| new old| new
compression rate (bpp)| 0.34| 0.34 0.23| 0.22 0.21| 0.21
PSNR (dB) 30.16| 30.47 | 30.21| 30.37 | 30.31| 30.37
encoding time (s) 0.90| 0.08 1.10| 0.12 3.01| 0.16
decoding time (s) 18.60| 0.15 | 148.81| 0.33 | 495.93| 0.47

(see Figure 7) and same underlying edge images as in [33] (see Figurd e
edge images were created by choosing the thresholds for hyster¢éhreshold-
ing and the standard deviation for presmoothing such that we obiia visually
pleasant reconstructions. Moreover, we demand that the edgeages look
reasonable, that means we avoid false edges by choosing approrresh-
olds. Parameters available in both methods are chosen as in [33]. Oemn
codec provides additional parameters which are set to their defawalues.
That means the parameterd,, for the recursive search of the pixel values is
set to 1, and the standard deviation for Gaussian presmoothing tife pixel
value signals is set to 1 as well. The edge images are encodedBli> again.
However, as entropy coder we udePAQ2 instead of PAQ806. Table 3 shows
the PSNR and compression in bits per pixel for both versions of thedec.
Furthermore, the encoding and decoding time is depicted.

Regarding the compression rate the new codec is at least as goodtees
old one, even though the fastet PAQ2 method is used instead oPAQB806.
Moreover, all reconstructions are better than the old ones. Tke improve-
ments are a result of both the new strategy for nding the pixels altg edges
as well as the Gaussian presmoothing of the collected pixel valueddoe
subsampling. By these changes, the new 1-D grey/colour data tain less
uctuations. Thus, it can be compressed in a more e cient manner ¥ the
entropy coder. Furthermore, is allows better reconstructions lven subsam-
pled pixel values are recovered by linear interpolation.

Table 3 also proves that our new codec has real time capabilities, natly
due to LPAQ2, but in particular due to the fast multigrid implementation,
which was presented in Section 5.
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Table 4. Comparison of the PSNR and elapsed encoding/decoding tirfoe
the di erent test images (see Figure 9) and di erent compression ethods.
The best results are in bold face letters.

image coppit svalbard comic
compression rate (bpp) 0.37 0.16 0.19
error measure (PSNR in dB):
JPEG 26.61 23.38 24.25
JPEG2000 28.13 27.68 26.77
our method 30.31 30.14 30.20
encoding / decoding time in ms:
JPEG 8.66/ 7.14 | 13.80/ 13.35| 19.34/ 24.20
JPEG2000 57.51/ 28.50| 93.47/ 49.39| 164.42/ 74.20
our method 117.08/172.78 146.79/316.94| 212.55/458.40

6.2 Comparison with JPEG and JPEG2000

Next we compare our codec with the well-establishedPEG standard and
with the more advancedJPEG2000 codec. To this end, we use the encoders
provided by the image processing todmagemagicR. We x all parameters
of our codec to their default values. As edge images we use again riggults
that are depicted in Figure 8.

Figure 9 shows the di erent test images and their compressed viEnss using
JPEG, JPEG2000and our codec. A cropped detail for each image is depicted
in Figure 10. The compression rates for all images lie between 0.16 &n8l7
bits per pixel (bpp). This corresponds to compression ratios beden roughly
145:1 and 65:1, provided the original colour images use 3 bytes perghix
Beside this visual comparison, Table 4 gives the corresponding gtitative
comparison. It allows an evaluation of the compression capabilitiesr fdif-
ferent methods by means of the PSNR. Furthermore is depicts tlecoding
and decoding times for all images.

The quantitative and the visual analysis illustrate that our approabh can
be better than JPEG and evenJPEG200Q For the test image comic we
observe a remarkable di erence of more than 3 dB betwee?EG2000 and
our approach. Also visually, crucial di erences become apparensde Fig-
ure 10). JPEG as well asJPEG2000 su er from severe ringing artifacts.
These are a consequence of their quantisation step in the corresgding fre-

9seehttp://www.imagemagick.org
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Figure 9: Comparison of compression methods for di erent test ingas at
0.37, 0.16 and 0.19 bits per pixel (bpp)flom left to right). Columns from
left to right: coppit (256 256), svalbard (380 431), comic (512 512),
Rows from top to bottom:original image,JPEG, JPEG200Q and our codec
with default parameters and edge images as depicted in Figure 8.
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Figure 11: Compression methods driven to the extremé) Original image;
(b) JPEG with minimal quality parameter at 0.12 bpp (i.e. approx. 200:1)
with PSNR 21.68 dB,(c) JPEG2000 at 0.07 bpp (i.e. approx. 340:1) with
PSNR 22.83 dB(d) Our codec with zero-crossings based edge detectdr €
15, T, = 20, = 0:6) and default settings except forg,, = 6, d, = 40
(m=1:::3) and dy = 10 gives 0.07 bpp (i.e. approx. 340:1) with PSNR
27.37 dB.

guency/wavelet domains and the following inverse transforms. Meover,
JPEG applies the cosine transform in 8 8 blocks and thus su ers from
unpleasant block artifacts. Especially edges are highly distorted.n Icon-
trast, our method stores edges explicitly and gives clean reconsttions. In
addition, JPEG is not able to preserve the smooth gradient in the back-
ground of svalbard or comic. Our codec interpolates between the quantised
colours so that the smooth gradient can be reconstructed almogerfectly.
Thereby also for a greatly reduced grey/colour range, quantisan artifacts
are hardly visible. Another drawback of the transform-based appaches can
be discovered in the cropped detail image sfalbard The screw in the bear
completely vanishes for bothJPEG as well asJPEG200Q Our approach
stores the edges of such details so that they are well preserved.

The previous results have been obtained with the default settingd our
codec. By changing the parameters, we can in uence the comsies rate
and quality of an image. Most obviously, we can get higher compressio
rates when larger sampling distances or less quantisation intervale @hosen.
Figure 11 demonstrates what is possible if this is carried to the extre: We
reduce the number of edge pixels by choosiflg = 15 instead of 35. For
each channel only 6 di erent values are used. The sampling distanat®ng
the edges is set to 40 and for the recursive search along edgies 10.

Using the lowest quality parameter provided bymagemagick JPEG reaches
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Figure 12: (a) Test imagetrui (256 256) (b) Edge image, obtained by
zero-crossings-based edge detectdrn & 1:1, T, =2:6, =1:2). (c) Recon-
structed colours adjacent to the edgeqd) Inpainting result (PSNR of 30.16
dB); Compression rate of encoded image: 0.54 bpp.

only a compression ratio of 200:1. Its visual and quantitative qualitys
already far below the PDE-based result. Moreover, our codec édits a
compression ratio of 340:1. FOJPEG2000 imagemagicks able to provide

a compression ratio of 340:1. Showing a PSNR of 22.83 dB, the quality
of this image is comparable to the]PEG result. Considering the extreme
compression rate, the PSNR of the PDE-based result (27.25 dB) islitp
abundantly.

As we have seen, the compression rate can also be in uenced by timeler-
lying edge image. By choosing; = 15 instead of T; = 3:5 we removed some
edge pixels enabling a higher compression rate. Note that these edggxels
should usually not be removed in order to guarantee quality. For caon-like
images the corresponding edge image is up to small variations moreless
unique.

Finally the compression rate can be increased by usifAQ608 instead of
LPAQ2 at the expense of run time. Vice versa, a faster compression with
less compression is obtained whdrPAQ?2 is replaced for example byzip2

6.3 Limitations

At the end of this section we brie y mention the limitations of our code.
Obviously, our method is not well suited for images that contain texired
areas. Figure 12 gives an example where our method is not compeétiv
to conventional compression methods anymore. We detect so ngaexture
edges that our method requires too much storage to get resultSreasonable
quality. For this example and default settings our codec gives a congssion
rate of 0.54 bpp and a PSNR of 30.16 dB. At the same compressioneat
JPEG leads to a PSNR of 36.02 dB andPEG2000 to a PSNR of 37.24 dB.
In this sense, our codec has been optimised for cartoon-like imagé&bose,
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however, can be compressed in good quality and with high compressiatios.
Another limitation is the low robustness of our decompression algonin
against corrupted les which typically result from transmission chanels be-
ing exposed to noise. Since pixel locations and colours are encocdgrhgately,
errors in either part might result in a wrong assignment of colours tmask
points, or to pixels being reconstructed at arbitrary locations in tk image.
However, such problems can already be handled in the transmissidnttoe
le: Modern digital communication channels are typically equipped witHast
error correction algorithms and retransmission mechanisms thassure le

integrity.

7 Conclusion

In this article we have presented a conceptually simple, but highly e ient
way to compress cartoon-like images. By extracting edges and acgnt pixel
values, encoding them e ciently and using homogeneous di usion faecon-
struction, we have created a new codec, which can even b&@®EG200Q
This was out of reach for the previous methods, even after almosiree
decades of intensive research on image reconstruction from zerassings of
the Laplacian.

Our results clearly indicate that cartoon-like images need a speciatisteat-
ment as o ered by our codec. By storing edges explicitly, small dets and
sharp discontinuities are well preserved.

Moreover, we have analysed the discrete theory behind inpaintingttv ho-
mogeneous di usion and have provided a fast multigrid algorithm foradving
the inpainting problem. Thereby our codec is not only able to encodaub
also to decode images in real time.

In our ongoing research we are interested in implementations for glibuted
architectures. Furthermore, we are investigating extension thallow real-
time video compression for animated cartoon movies.
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