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ABSTRACT on those as well as the more difficult cases of systematicror ra
) ) ) . ) ) domly placed prominent lines. To our knowledge it is the first
This paper describes a new fast, iterative algorithm faerint 5 pjication of POCS for interactive image noise removal.C80
active image noise removal. Given the locations of noiS¥ISIX  5jiows the combination and use of frequency and spatial doma
and a prototype image, the noisy pixels are to be restored in aj,tormation in an extendible way. Our algorithm works evetren

natural way. Most existing image noise removal algorithises ei- the noisy pixels are contiguous and numerous. The imagesiitye
ther frequency domain information (e.g low pass filtering¥jpa- can also be non-uniform. But for very large changes in intgns
tial domain information (e.g median filtering or stochaséxture across an image, an extension to our algorithm is describd.

generation). However, for good noise removal, both spaial [1] also gives a more detailed description and usage of te-al
frequency information must be used. The existing algorithinat rithm described here.

do combine the two domains (e.g Gerchberg-Papoulis antbdela

algorithms) place the limitation that the image be bandtiehiand

the band limits be known. Also, some of these may not work well 2. PREVIOUSWORK
when the noisy pixels are contiguous and numerous.

Our algorithm combines the spatial and frequency domain in- | gw-pass filtering is a simple method for hiding small isetht
formation by using projection onto convex sets (POCS). Biike noise in smooth or blurred areas of images. It is not poséitle
previous methods it does not need to know image band limds an eyer, to retain sharpness of lines and other details. Mealimh
does not require the image to be band limited. Results gieea h  similar non-linear filters do better but not when many cantigs
show noise removal from images with texture and prominemeisli pixels are missing. Another simple technique — copying Ipixe
The detailed textures as well as the pixels representingipent from another area of the image may work for stochastic tyge te
lines are created by our algorithm for the noise pixels. Tige-a ture with no prominent lines. For images with prominent $ine

rithm is fast, the cost being a few iterations (usually untiey, manual alignment of lines is time consuming and error prone.
each requiring an FFT, IFFT and copying of a small neighbodho Recent statistical texture synthesis algorithms [2] tisat sec-
of the noise. ond order statistics have shown remarkable results but damk
well in images with long range structure due to computationat
1. INTRODUCTION that increases prohibitively with the distance betweenetated
pixels. An example of an image with long range structure ayda
Existing noise removal algorithms have difficulty with neishich features is the brick wall image in the top row of Fig. 3. Areth
(|) consists of many Contiguous pixe|5 mnd is in a textured area problem for such methods is texture with prominent lines iand
of image or areas with prominent lines. Note thattbsture we regular features like the stone wall image in the third rowriof.
mean not only small stochastic texture but also small patike 3.
fabric texture as shown in middle row of Fig. 3. In additioerth It is possible to use multi-resolution directional filtersdathen

can be prominent systematic lines or lines placed randomilye work with only single order statistics (histograms) as ih [Bhis
image. The brick wall in the top row of Fig. 3 and the stone could be considered a spatial and frequency domain algarith
wall in the bottom row of Fig. 3 are examples. Our algorithm fo  However this method works only for stochastic texture or lsma
removal of such noise is based on the theory of projectioms on regular texture. In addition [3] is not a noise removal aitdon.
convex sets. It is a fast iterative algorithm alternatingwaen It is designed for generating large texture areas from sauimpi
the frequency and spatial domains, using the availablerimdton ages. It cannot be used to generate pixels that maintaimodwyt
in each domain. Unlike previous POCS based or other iterativ of prominent lines crossing noise pixels while retaining tioise
algorithms for noise removal, we place no restrictions entthnd free pixels.
limits of the image. For our algorithm, the image does noehav Recent work on image restoration based on matrix algorithms
be band limited and if it is, the band limits don’t have to bewm. [4] has been used for noise removal using smaller matricas th
The pixels determined by the algorithm to replace the noise previously possible. However, [4] does not show examples of
are (a) as sharp as the surrounding afba maintain continuity many contiguous noise pixels and indicates that the methmyd m
of prominent lines running across the noise pixels &)dhave not work well in such cases. In addition, the image must be&ban
a texture matching the surrounding texture. While someiprev limited and it’'s band limits must be known. Previous aldaris
ous algorithms were able to remove such noise from imagés wit related to Gerchberg-Papoulis algorithm [5, 6] also pl&ie ite-
stochastic texture or small regularly patterned texturess works striction.
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Figure 1: Our algorithm for image noise removal.

In summaryyi) frequency domain algorithms such as low pass
filtering can capture global structure of the image but |axall
control (line continuity, sharpnesg)i) spatial domain algorithms
like median filtering and statistical texture generatioh lji2ave
no information about global structure and work purely with |
cal spatial information due to computational constraiatg] (iii)
previously known methods for combining the two domains like
Gerchberg-Papoulis [6, 4] or related algorithms or Feareral-
gorithm [5] require that the image be band limited and thedban
limits be known. In addition they may not work well when the
noisy pixels are contiguous and numerous.

The well known reconstruction method of projections onto-co
vex sets (POCS) allows the useanly information about the image
that can be represented as a closed convex set. For detdiisson
see the classic Youla and Webb paper [7]. However, no pioject
based algorithms that can remove image noise under thetimrdi
described in the introduction have been reported so far.

3. OURALGORITHM

Fig. 1 gives a flowchart of our algorithm which is an iterative
prototype based algorithm. The algorithm uses sampledfyot)
and repair subimages which have been selected interactisek

noise. This is done by using the frequency domain informatio
of the sample subimage. The repair subimage is the one which
has the noise. The neighborhood of the noise in the repaimsub
age contributes the local spatial information. These tvezgs of
information are put together by the algorithm.

Note that simplycopying the sample subimage into the re-
pair subimage would not work. Consider for example the sampl
subimage labeled, in Fig. 2. Clearly, copying this subimage di-
rectly into the areas marked as would cause a break in the line
of “cement” running horizontally across the two subimaggesis
is a key point, that the two subimages are similar but the prom
nent lines in these aneot aligned. The same can be seen in the
subimages in the bottom image in Fig. 2.

Here we will briefly summarize the algorithm given in the
flowchart. The projectiorP; starts with a repair and sample
subimage and applies a Fourier transform followed by anasper
tion in frequency domain ending finally with an inverse Feuri
transform. The result P, may not be real and may have real part
which is outsidd0, 255]. It is made real and each pixel restricted
to [0,255] by the projectionP.. Finally Ps applies the spatial
domain constraint, which is to copy the noise free pixelduuit
change, completing one iteration of the algorithm. The ltesfu
P3 will be used as the repair subimage input for the next cycie. |
the current implementation the user sets the number ofibesa
It is easy to implement other termination criteria.

The algorithm is fast because it usually converges in un@er 1
iterations and each iteration requires 1 FFT, 1 IFFT and iogpy
all performed on a small neighborhood of the noise aotchn the
entire image.

3.1. Phasereconstruction

When the pixels of an image are translated (with wrap arqund)
the spectrum magnitude stays unchanged (note that whenywe sa
translate we do not mean moving subimage locations within the
image, but rather moving the pixels of a subimage). The repai
subimage can be thought of as a translated, noisy versioneof t
sample subimage. See for example the sample subimaged
the repair subimage, in Fig. 2. The thick horizontal line in, is
nearly in its middle, but not so in,. If the sample subimage was
an exact translated version of the repair subimage witlheutoise
then removing the noise could be thought of as shifting thepsa
subimage to match the features in the noisy repair subimage.

Translating the sample subimage amounts to adjustingasgh
hence the connection with phase reconstruction algorithias-
tronomy [8] and other fields. The difference is that in our-for
mulation of the problem, only approximate information abithe
desired spectrum magnitude and some information (pixetsidei
the noise area) about the spatial domain nature of the image a
available. From these, the phase must be reconstructechand t
magnitude must be improved.

Fig. 2 for examples of sample and repair subimages which are3 5 congraintsand projections used

shown as dark gray patches. The noisy pixels are indicatedeoy
user interactively by creating a mask that covers the ndibese
noisy masks covering the noisy pixels are shown as the bilaeX |

The key step in using POCS is finding the right convex sets and
defining the projections correctly. The constraints oretbsonvex

in Fig. 2. The algorithm replaces each noise mask 0 pixel with sets ;) and projections®;) onto these are given below. After
a reconstructed value. Thus the mask can be considered kebe t defining these we give a brief intuitive justification for egtion

noise in what follows.

of these convex sets and projections. In these equatipisthe

The sample subimage (used as a prototype) contributes infor given noisy repair subimage multiplied by the binary noisshn

mation about the global structure of the image area aroued th

ands is the sample subimage. L& = FFT(r) andS = FFT(s).



DN U

An intuitive justification for the selection of these convests
and projections is as follows. Noise of the type discussetiis
paper introduces high magnitude values in the spectrum.olst m
real images, the sample spectrum can only be used as a hing Us
the sample spectrum magnitude while ignoring the repactsym
magnitude would lose the known information of the repairiisub
age. Also, such a constraint would not be a convex set. Héwece t
minimum is used, which reduces the effect of noise whileiméig
some information of the repair subimage spectrum.

The reason for retaining the DC component is that taking the
minimum for DC can cause the overall brightness of the image t
be reduced. This also allows the algorithm to be somewhaistob
to differences in the intensity of repair and sample subesgfpr
very severe differences in intensity, an extension is gine[i]).
We rely on the human operator to select a sample that is sitoila
the repair subimage. Note thét is closed and convex because it
is a special case @fys(A) on pp. 86 of [7] which is proven to be
closed and convex there. Proof that the otheare closed and con-
vex is simple. The justification for using; is that we know that
pixel values must be real and between 0 and 255is justified
because the area outside noise pixels is known to be coifbet.
previous frequency domain operatigh affects the repair subim-
age globally. Thus the pixels known to be noise free should be
replaced using the original known values in each iteration.

4. RESULTS

Fig. 3 shows noise removal from images with stochastic aga-re
lar textures and prominent systematic and random lines bl

line running across the firstimage of each pair in Fig. 3 igibiee
mask which is treated as the noise by the algorithm. The image
on the right are the reconstructed images after 10 itemtidour
algorithm. The dark patches in Fig. 2 show the location offgam

Figure 2: Repair and sample subimages for Fig. 3. Black line and repair subimages.
is noise mask, sample and repair subimages are shown as dark Tne detailed textures as well as the pixels representingipro

patches. Features in sample and repair don't have to beedligigy
the thick horizontal line irs, andr,.

Then define
€1 = {r: [R(u,v)| < |S(u, v)| for(u,v) # (0,0)}.
To defineP: (r), let

|

Then defingP; () = IFFT(Me' P3S€R)) The next two convex
sets and corresponding projections are simpler and canitierwr
as follows. Define

Co = {r:r(j, k) isrealand) < r(j, k) < 255}.

min(|R(u,v)], S (u,v)])
|R(0,0)]

if (u,v) % (0,0)

otherwise

Then define the projection operatio?:(r) as : Set imaginary
component of(j, k) to 0, clip to [0, 255]. Define

Cs ={r:r(j,k) = ro(4, k) for (4, k) in noise-free ared.

Now let w be a binary mask with O at noise locations. Then
P3(r) = r(1 — w) + row. The algorithm can now be written
as
o given noisy repair subimage
Tnt1 = P3PaPirn.

nent lines are created as replacement for the noise pixetaiby
algorithm. Note that simple copying of say, into r, would have
caused a break in the thick horizontal line in these subimége-
ment” between the bricks).

5. CONCLUSIONS AND FURTHER WORK

A fast iterative algorithm for combining frequency and sglado-
main information for image noise removal has been described
With a few exceptions, most previous algorithms like lovepéil-
tering, median filtering and statistical texture generafig], have
worked in only one domain. The few previous algorithms faneo
bining frequency and spatial domain information [6, 4] riegthe
image to be band limited, require that the band limits be kmow
and may not work well when many contiguous pixels are noisy.
Our algorithm does not place this limitation.

The algorithm described is extendible in a clean way. For ex-
ample, any constraints or information about images thatbezan
formulated as a closed convex set can be added easily. Taus th
effectiveness of a novel interactive use of POCS has beeomlem
strated. The work presented here involves four importantepts
— (i) sample subimages as prototypes for repair subim@ggso-
jection onto convex sets for noise remov@li) combining fre-
guency and spatial domain information afis) the new constraint
C; and the projectiorP; described in Section 3.2.

These allow the reconstruction to generate texture majchin
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Figure 3: Removal of noise from images with large regulaicks), small regular (fabric) and large irregular (storfeg}ures. Left column
is noisy image, right column shows result after 10 iteratiohour algorithm. Images aB¥7 x 222, and noise approx. 9, 4 and 8 pixels

wide.

the surroundings, maintain sharpness and maintain linénzen

ity across the replaced pixels even when the noise pixelsto b
replaced are contiguous and many in number. An important ap-
plication of this algorithm is in the field of film post prodimt

for removing wires used in special effects scenes. Anothepi-

tant application is in restoring old films and photograpt= tlave
become scratched.

An extension that allows the repair and sample subimage to

differ substantially in shading and another that makes niegie
noise mask soft edged are described in [1]. A simple color re-
sult applying the algorithm to R, G and B separately is alsmsh
there. Other improvements in implementation are obviousesg
include brush like strokes for painting over the noisy aremoval
of perspective distortion between the sample and repainsages.
A multi-frame extension that uses computation done in camé
to help in repair of subsequent or previous frames is anatfea
for future work. Our application to color images is naive arfubt-
ter algorithm for color images is also needed. All these ssads
that we are currently working on.
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