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Segmentation-Assisted
Detection of Dirt Impairments
in Archived Film Sequences

Jinchang Ren and Theodore Vlachos

Abstract—A novel segmentation-assisted method for film
dirt detection is proposed. We exploit the fact thafilm dirt
manifests in the spatial domain as a cluster of comcted
pixels whose intensity differs substantially from hat of its

Conventional (non-computer-assisted) detection at d
impairments is carried out by optical processingcWhequires
a specially designed telecine and relies on thesparency of
film emulsions to infrared light allowing dirt pafes to be
detectable by an infrared sensor. This has a nupflqactical
limitations including the fact that detection ist wery effective
for particles of small size due to limitations eh$ performance
at infrared wavelengths. This technique is appleakclusively
to colour film because the silver image in monoohedilm is
opaque to infrared radiation.

General speaking, dirt is a temporally impulsivendke-
frame) event, appearing mostly as dark or brightoge spots of
random size, shape and location (Fig. 1). In ndhedagical

neighborhood and we emp]oy a Segmentation_based cases a dirt partiCIe of a given Shape and SlZ'leh’]a”y be

approach to identify this type of structure. A keyfeature of

our approach is the computation of a measure of cdidence

attached to detected dirt regions which can be utited for

performance fine tuning. Another important feature of our

algorithm is the avoidance of the computational complexity

associated with motion estimation. Our experimental
framework benefits from the availability of manually

derived as well as objective ground truth data obtmed

using infrared scanning. Our results demonstrate tht the

proposed method compares favorably with standard
spatial, temporal and multistage median filtering
approaches and provides efficient and robust deteicin for a

wide variety of test material.

Index Terms—Film dirt detection, archive restoration, image
segmentation.

I. INTRODUCTIONAND BACKGROUND

IRT or sparkle is among the most commonly encoexter

impairments in archived film material and consedlyets

successful detection is a priority issue in anyhae
restoration system [1-2], [4]. Dirt may be airbomhering film
processing, may be due to fibers from clothinguwnén tissue,
may be due to wear and tear of moving mechanictd paeven
due to fragments of the film itself owing to exdesdriction as
the film moves at speed in contact with mechardoaiponents.
Dirt particles can adhere to film at any processitage like
exposure, development, printing, telecine transfeany of the
intervening winding and handling operations. Diramnifests
itself in one of two ways; a dirt particle adhertoghegative film
will eventually appear as bright when printed @roeluced as a
positive image while a dirt particle adhering tsipiwe film will
obviously impede the transmission of light and wagpear dark.
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present at a specific spatial location of a paldiciiame. Due to
the above interframe processing has proved a ugefll
towards detection and concealment [2], [5].

(a) Static text (b) Low-motion natural scene

(c) Moderate-motion natural scene (d) Fastion natural scene
Fig. 1. Examples of dirt (marked in white boxes).

Since motion-compensated prediction requires a tiggree
of complexity and can be unreliable when motiorinestion
fails, many spatial filtering techniques have deen proposed
as alternatives. Existing methods and models andeitection
with or without motion compensation are discusseldw.

A. Dirt Detection without Motion Compensation

Storey’'s work [15] was perhaps the earliest rembrte
contribution targeting specifically the electrometection and
concealment of film dirt. According to this appcbaa pixel is
flagged as dirt if the corresponding absolute dififees between
the current frame and each of the previous and fnextes are
high. Other non-motion-compensated methods emplegian
or morphological filtering [7, 9-12].

Nieminen et al [9] presented a multi-stage median filter
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Surreysparkle type of distortions. In Arce [10], MMF élts have

further evolved as multi-stage order statisticefiit (MOS).

+44-1483-68603 Senelet al [11] proposed a topological median filter to egtra

edges in noise; however, the filtered images atmatceptable
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visual quality in most cases. Hardie, and Boncglg],
proposed LUM (lower-upper-middle) filters, whichlized two
parameters for adjustable smoothing and sharpefiimgages,
but ultimately proved problematic towards the restion of
scenes containing fast-moving objects [7]. Buissbral [28]
considered morphological tools but eventually haddly on
motion estimation in their combined solution.

Most of the methods in this category are basedxwi-fevel
or small-window-level operations, which means tbetdidate
dirt pixels are located in a relatively small ndighhood. In
contrast, work by Kokararet al[21] demonstrated a capability
of coarse detection of large areas of defect pealithat there
are noticeable changes in local histograms. In bwHian and
morphological filtering approaches, an unsuitablee sof
window may cause many false alarms with heavy dizgien of
visually significant edges [29]. To solve this plerh, Hamidet
al proposed an alternative based on soft morpholbfiligaing

2

or if accurate and robust motion compensation carb®
achieved [23], [24].

C. Main Contributions

In this paper, we propose a segmentation-assisté¢uioih for
the detection of dirt in archived films. Relativedther methods
in the literature, a key feature of our proposatégmentation
allowing the detecton of dirt at a higher semaiteieel as a
region (consisting of connected pixels) and not as adoos
collection of isolated pixels. This is consisterithathe actual
manifestation of dirt in real film samples. A sedaattractive
feature of our scheme is that a confidence measuderived
and attached to detected dirt regions. This is raraluable
feature towards both automatic and operator-assistiet
concealment as it allows performance fine tuningpeding to
preference especially towards achieving a desirdialance
between false alarm and correct detection rateslli our

method does not employ motion estimation and motion
compensated prediction which reduces its complexity
considerably and makes it a good candidate for fast

(SMF) and used genetic algorithms to determinesthe and
shape in the filters [7]. Nevertheless, SMF seenmpsactical for

most applications because it needs a considerabdirgt of
representative dirt samples for training purposferk filtering
parameters can be optimized.

B. Dirt Detection with Motion Compensation

A logical extension to Storey's approach would e dise of
bi-directional motion compensation commonly competed
by temporal median filtering using the current feaamd its two
motion-compensated neighbors [2]-[5]. More compiethods
require the availability of longer motion trajedes [14]. The
concept of motion-compensated temporal filteringnes as
early in 1980’s [30]. In [31], Dubois and Sabri &eg this
concept to noise reduction in television signatseif work was
further extended to include the use of recursiker§i [32,33].

In Kokaram’s work [4], the “Spike Detection Inde(3DI)
identifies high-valued absolute differences betwiencurrent

implementations.

This paper is organized as follows. In Section e
introduce our segmentation-assisted approach \@eitgion 11I
contains the definition of a confidence measure asdise
towards fine tuning detection performance. Sedtbprovides
experimental evidence arising from testing the pssg scheme
on archived film sequences while in Section V thiguence of
parameter selection is discussed. In Section Vidvesv brief
conclusions while detection details using spat&hporal and
multistage median filtering are presented as areAdjx.

I.
In spatial terms, dirt manifests as a cluster afinezted

DIRT DETECTION USINGSEGMENTATION

and two motion compensated images. The extended SPlois whose intensity differs, on the averagegfihat of its

method, SDIp, additionally requires sign consenfsoms the

two differences above. In Schallawgr al [2], it is examined
whether both the absolute differences between al gind

co-sited pixels in the two motion-compensated rigimg

frames exceed a first (higher) threshold whilehat $ame time
the absolute difference between the two motion-camapted
frames is less than a second (lower) threshold enead, and
Mitra [5], have proposed the rank order detecto®IR in

which a total of seven pixels from three conseeuframes are
compared against three thresholds. Gaagal extended ROD
to five frames to improve accuracy in heavily cptad images
or occluded blotches [3].

immediate neighbourhood. Segmentation is a usefol t
towards the identification of such a structure liseghe latter is
expected to emerge as an island region in a seeigifibouring
regions corresponding to dirt-free picture cont€nr work is
one of the few that have appeared in the literatul@pting a
segmentation methodology for dirt detection, angeptwork
can be identified involving motion field segmentati{17] and
watershed methodology [22] in such a context. Fopkcity,
throughout this work we will consider the luminan(é)
component of images.

A. Image Segmentation by Seedless Region-Growing

In the framework of motion compensation, model-base We have employed seedless region growing whichtragn
approaches can be used, such as Wiener filtering, Ao conventional seeded region growing [13], dogsequire the

(auto-regressive), MRF (Markov random filed),
distribution, and Gibbs-Markov random fields [38],[ [16],

[18], [22-27]. The determination of a MRF priorails the
detection of dirt in a Bayesian framework [1], [LBJ0]. Since
definitive statistical models are difficult to obtaall the above
methods have occasional constraints and will féilthe

underlying statistical modeling assumptions carbeosatisfied

Gibbsspecification of seed points. Instead, we use @rasan order

to identify any previously unmarked pixel. Suchigepis then
used as a seed for region growing. All pixels prasly merged
to form a region are marked so they are not redsit
Region growing is controlled by examining adjacpixel
similarity. An unmarked pixelp which is adjacent to a pixe
of that region will be merged in that region if iistensity
f (p) satisfies both the following conditions,
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f(p)i [n- 3a,n+3d] (1) to finer segmentation in which regions of dirt pixdorm
~ clusters as expected. On the other hand, this roegs®nally
f(p)l [f(g)- 08a, f(q)+ 0.8a] (2) cause higher false alarm rates as discussed il8att

where 71 is the sample mean of that regia#,is an acceptance B. Determination of Candidate Dirt Locations

threshold enforcing similarity and (q) is the intensity value of Ve assume that region size is a useful criteriovatds an
. . . . initial identification of candidate dirt locationBor this purpose
pixel . Eq. (1) requires thap has an intensity value close to

] ] ) ] we use two thresholds operating on region sizeawaeld one
the mean intensity of the whole region while Eq. €Bforces \hose purpose i to filter out tiny regions likeycorrespond to
close similarity betweefi () and its potential neighbors.

noise and an upper or& whose purpose is to filter out sizeable
Whenever a new pixel is merged to a regignof that regions likely to correspond to actual scene obj¢ot parts

region is updated. Parameteris determined empirically as thereof). Again it should be noted that our expertal

. o . evidence suggests that segmentations obtainedshampened
=,/ to enable wider acceptance with increas . . .
a=ymll P mg images are less sensitive to the choice of sudshiotd values.

Parameter/ controls segmentation granularity and usefugig 3 jjystrates the effect of different upperetsholds on initial
values for it were experimentally determined in #@#ge getection. Detected regions (collectively referreml as a
2£/ £6. As / increasegl will decrease, more regions will detection mask) are shown in white and were denigiag the
emerge and consequently more detail will be preseim the  original image shown in Fig 1(b). These resultsenahtained
segmented image. Finally, the average intensig./i, iS  ysing two different upper threshold valu€sand a lower
assigned to all the pixels within the segmenteibreg threshold value of 6. We can see that there drenstny false

Fig 2 shows two segmentation examples obtained f@n alarms in the detection mask, mainly due to mowdges or
1(b) for two different values of . For comparison, enlarged giatic small objects. In the next section, interfeainformation

part of the original image and the difference bemeéwo (on-motion-compensated) will be employed to imprdize
segmented results are also given. We can seathatV/ leads accuracy of the detection mask.

@/ =2 ()

1
SN

(@)s=30 (8=50
Fig. 3. Initial dirt masks detected from Fig 2(bittwsize thresholds = 30
pixels (a) and s =50 pixels (b).

Ill. CONFIDENCEBASEDWEIGHTING

A. Extracting Confidence Measurement

The fundamental assumption that dirt is a singieafs event
leads naturally to the idea of using inter-frami@rimation for
validation. Letf_,, f and f _ be three consecutive frames.

n-1r 'n
We defined, =f,- f , andd, =f - f.,, as the forward

and backward frame differences, respectively. 8@ eonsider
the absolute values @, andd,, as fundamental confidence

(c) Enlarged original image ) Qifference between (a) and (b) . . . ]
Fig. 2. Segmentation of Fig 1(b) for differentues of / . indicators. We def'n@n as:
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2d. d., ¢ d d settingm, =0 (i.e. /,=1) in Eq. (4) amounts to histogram
— > - , ,
d,= [d, [+]d,.]| | - Gn >0 (3) equalization ofd,. On the other hand, a static background in
0 otherwise three consecutive frames may force most pixel wdluel . near

zero, which may lead the incorrect assignment offigh
This attains its maximum value when an idealizéd d confidence value to a low valued . Therefore, straightforward
impulse occurs against a constant background ileenw histogram equalization is not useful in this contex
d. =d,. If bothd andd, are negative or positive, this Using p, a direct confidence measurement is obtained as

n

relates respectively to dark or bright dirt pixdlsarticles Conf(i, j) = p,(d, (i, j)), this can be further modified in Eq.
adhered on negative or positive film stock).

Furthermore, to each valum in d_(mil [O,L-1],

where L is the total number of grey levels), an associated
probability can be defined as follows:

(7) for enhanced visibility of candidate dirt pigel
Conf. (i, j) = In(1+Conf(i, j))/In2 (7)

Fig. 5(a) gives an example of a confidence imagdaiokd for

/1 m K ke Fig. 1(b). We can see that dirt pixels are ideadifivith high
p.(m) = o pd( ) ' m @ confidence (bright greylevels), though there rensme false
n k=m alarms mainly due to motion and moving edges.
0 otherwise
my-1 L-1
lo=1- pg(K)=  pq(k) ®)
k=0 k=m,

In (4) and (5),p, is the sample probability density function
(PDF) of d, (i.e the histogram ofl ). Parameter/ , is used to

normalize p, (m) within [0,1] andm, to control the removal (4) confidence image for Fig 1(b)  (b) Bineligt mask for Fig 1(b)
of static background.
Let m,g ands, be the sample mean, median and varianc

of the distribution of values il and letm, be defined as a
weighted combination of these parameters

My = W,/1 + W,g+ W, S (6)

where W,,,, W, W, > 0. The set of valuesv,, = w, = 1/2,
(c) Binary dirt mask for Fig 1(a)  (d) Binadtyt mask for Fig 1(c)
Fig. 5. Confidence image for Fig 1(b) with detedbétry mask of dirt from

eXperimenFS-_ _ Fig 3(b) after confidence-based weighting with= 2.5. Masks of dirt
A graphic interpretation of the above parametersifsample  jotected from Fig 1(a) and Fig. 1(c) are also shiown) and (d).

one-sided, monotonic distribution (typically a reaable
approximation fop, ) is shown in Fig. 4. Itis worth noting that

and W, =1 yielded particularly good results in our

B. Confidence-based Weighting
To improve detection accuracy we combiBg, the binary
dirt mask obtained in Section Il, ar@@onf, the confidence

image extracted above as follows.
Firstly, a new imageConf, is obtained as

Conf(i. i it B (.j)20
cont, G,jy= SOMCD T OBGDEO
0 otherwise

The above rule simply enforces zero confidence ddir
undetected (i.e. not belonging to the mdgk) dirt regions.

Secondly, we attempt to remove false alarms du¢h¢o
movement of small objects. An efficient way to &l this is to

Fig. 4. Relationships among the parameters in4do (6). obtain two binary masks3, and B, by thresholdingConf
and Conf, using a relatively high-valued threshold (i.e%86f
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the available grey-scale). Subsequently pairs ofesponding Fig 6 shows comparisons with such spatial, tempanal
regions in the two binary masks are considered. dawmh multistage median filtering approaches. For spétialing, the

connected component of sizg in B, , any non-zero pixel in parameters used were=3 andt, =10 while for temporal
this region is used as a seed to try and locatthanoonnected filtering t, =5, t,=10 and t;=15. For MMF, five
component of sizes, in B, . From Egq. (8), we have sub-windows are used for filtering and then thrégie by

Con, i Conf, thus we always havB, i B, ands, £, t,, =5 (see Appendix). In temporal median filtering, weed
the well-known Black-Anandan optical flow algorithwhich
yields dense motion fields of sub-pixel accuradyfom Fig. 6
we can see that although small-area dirt can bectist by
Sy *h £ s, is satisfied. spatial and multistage median filtering to a reatd® extent, a
Finally, a binary dirt detection maEkq can be determined lot of false alarms also occur. On the other hamat, method
operating at a confidence level of 90% (see Fig yd)ds
comparable results to temporal median filteringlevaivoiding
. . computationally expensive motion estimation ovedsea
D.(,j,c)= 1 it Coni(,j)? Cq ©) The next set of results involves the broadcastlutea
are 0 otherwise (720x576) sequence “Pennine Way” which containsrfagion
and textured background thus allowing for more degireg test
In general,cq can be used to control the sensitivity ofconditions. Fig 7 shows detected dirt from onehaf original
detection. One binary mask of dirt obtained from &fb) using 7ames with four enlarged partial images which aanthe main
areas of dirt in the scene, from which we can satthe result is

c, =085 are shown in Fig 5(b), which illustrates the ; -
d o ) . reasonably accurate and relates well with a humawer
substantial improvement in terms of detection amcyito the gpprajsal of the original image.

extent that the dirt mask can now be directly assed with the
dirt present in the original image in Fig 1(b). Bes, masks of
dirt detected from Fig 1(a) and Fig. 1(c) are @sen in Fig. 5.

For a given parameté?l [L53], the region inConf, is
assumed to have been the result of a false alaguonidition

under a given confidence Ieve(! as

IV. EXPERIMENTAL RESULTS

A. Visual Comparative Assessment

For comparison purposes we have considered estedlis
methodologies based on spatial, temporal and rtadés
median filtering (MMF). A detailed discussion ofvadhese
methods operate can be found in the Appendix. Wetdethe
dirt masks detected using these method®ad,, andD,,

(a) Detected dirt with attached confidence (b) Detail image 1

respectively.
(c) Detail image 4  (d) Detail image 3 (e) Detail image 2
Fig. 7. Detected dirt with attached confidence (inverteddisplay) for Fi
1(d) from “Pennine Way" with four enlarged sub-ireador details.
(a) Spatial median filtering (b) Teonal median filtering B. Quantitative Comparative Assessment

In the literature the objective assessment of digtiection
performance has occasionally involved the overlafy o
artificially-induced impairments on dirt-free imagesuch as in
[1], [7] and [23]. While such an assessment frant&wis
attractive from the point of view of ground-truthiadability it
is unfortunately unrealistic not least because #ngficial
generation of impairments is usually based on sgtipl
(c) MMF (d) Proposed method modeling that does not bear any relationship tawadcdirt
Fig. 6. Detected dirt masks using our method (8p& cmfidence compare generation mechanisms.

with results from (a) spatial, (b) temporal andr(o)ltistage median filtering. Instead we have used manually-computed ground (Glﬂ)
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maps from dirt-impaired images and we have empldyed
established criteria namely correct detection Ratend false

alarm rateR, . We assume thaiDg is a ground truth dirt mask,
that D, T {D,,D,,,D,,D,} i.e. thatD, is a detection mask
obtained from any of the above method§q( refers to our
method) then the above criteria are defined asvsi
_ Couni(D, UD,)
Count(D,)

(10)

_ CountD, UD,)
‘" Coun(D,)

(11)

6

with dirt detected using our method as well as @mjpmedian
filtering. It is interesting to point out that falelarms occurring
from the use of temporal median filtering are maidue to

inaccurate motion estimation (see Fig. 9c¢) whitesthoccurring
from the use of spatial median filtering and MMEdS-igs 6a
and 6c¢) are due to sparkle type of noise or stdggps Owing to
spatial segmentation and confidence-based weighting

method is less sensitive to both of those typdaihire.

where Count is a counter of the non-zero elements in a mas

and the operatot is the logical AND between two masks.
In this set of experiments we also used the “Penkifay”

sequence and chose the following parameter valoeghe

methods under consideratiom:=3 , t =15, t, =25,

t,=15, /=4, s=20 and c,=90% .

comparisons of detection performance using 20 contise
frames are given in Fig 8. From these we can sate th) on
average our method yields the highest successfetiien rate
and the lowest false alarm rate; (2) due to failofemotion
estimation, temporal median filtering may occasilgngield
very poor detection rates and frequent false alérmsbetween
frames #205 and #211); (3) spatial median filteryigjds a
higher detection rate for some frames, howeves, ¢bimes at
the expense of more false alarms; (4) MMF achiegsect
detection rate performance similar to that achiebedpatial
median filtering but generates far fewer falseratar

Fig. 9 shows frame #210 of test sequence “Penniag’W

Quantitative

—e—Dgq

F=—a

197 212 Frame

Fig. 8. Quantitative comparisan terms of correct detection rate (top)
false alarm rate (bottom).

(a)Original frame image (b) Dimage of manual ground trt

(c) Dirt by temporal median filtering (d) Dirt lmur method
Fig. 9. One tesimage (a) and dirt image of ground truth (b) corepawith
detected dirt results using temporal median fittgric), and our method (d).

In terms of computational complexity reflected myrputer
runtimes we noted that using a Pentium 4, 3.2Cttapeiting
unit with 1GB of RAM, average processing times fpeme of
“Pennine Way” were 1.4, 53.8, and 6.2 seconds otispdy for
spatial, temporal and multistage median. For teaipmedian
filtering, more than 99% of the computing time est for
bi-directional motion estimation. Our method, ore thther
hand, only requires 0.9 seconds per frame, ne@rtinges faster
than temporal median filtering.

V. PARAMETER INFLUENCE AND PERFORMANCEASSESSMENT
USING OBJECTIVE GROUND TRUTH DATA

In the proposed algorithm, there are three maiarpaters
which impact performance, namely, S, and /7. They

respectively influence segmentation coarsenesscdirdidate
selection and false-alarm suppression. In this@eete assess
how influential these parameters are and also cmmpa
performance with competing methods using objecgix@und
truth. To the best of our knowledge, this is thstftime that
objective GT has been used in such a context. Ga \@are
obtained by wusing infrared scanning. Due to their
non-transparency, dirt areas always appear ddaHeigenerated
GT data. Partially transparent scratches and attiefacts may
also appear in lighter grey shades. Taking this atcount we
inverted the intensity of the original GT data affiken
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thresholded it to obtain a binary mask. Fig 10 shpart of the B. Influence ofs

luminance component of one original frame and the |n Fig. 12 we illustrate the influence of threstiot
corresponding greylevel GT data and binary magkiref according to region size using=6 and/ = 25. We can see

that a higher value of, for examples >150, is necessary to
ensure a sufficiently high detection rate. Howeveuyr
experimental evidence also suggests that highesttoid values
tend to generate more false alarms.

(a) Y component (b) Objective GT (c) dirt mask of GT
Fig. 10. (a) luminance component of original frame, (bjrespondin
greylevel GT data and (c) binary GT mask obtaiinech (b).

A. Influence of/

In Section Il (A) we mentioned that segmentatiobtamed
from larger/ seem to be more accurate in identifying dirt
pixels. We illustrate this in Fig. 11 by computirogrrect
detection and false alarm rates using four diffevatues of/
with the other parameters setst 150 and/ = 25.

Due to the fact that a highef will inevitably cause
over-segmentation this will further lead to a higle®rrect  Fig 12, Correct detection rate (top) and false alarm tatettom) usin:
detection rate but also more false alarms and wigsa. By ifferent < with / =6 and/1 = 25.
setting/ to values higher than 5 we have observed no obviou
improvement in detection rates at the expense akrfalse
alarms.

Fig. 13. Correct detection rate (top) and false alarm (hatgtom) usin
different /7 with / =6 and s = 300.

Fig. 11. Correct detection rate (top) and false alarm (htgtom) usini

different / with s=150 and/1 = 25.
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C. Influence ofh

In Fig. 13 we illustrate the influence of parametewhich
controls false alarm suppression. We can see tirabyer-
segmented images (obtained by using higralue) there is no
appreciable benefit to be gained hyvariations with respect to
both correct detection rate and false alarm ratés Tinderlines

that our algorithm is relatively insensitive to tlshoice of
parameter; under those conditions.

D. Comparative Performance Assessment

Finally in Fig 14 we compare the performance of ou

algorithm against spatial median filtering and @D (rank
ordered difference) detector [5] with respectiverapseter
valuesr =3, t,=5, t, =5, t,=10, andt;=15. We

considered ROD because it offers the best coregection rate
performance relative to the other two motion-congated
methods, i.e. temporal median filtering and SDe have also
avoided including MMF in our comparison framework ia
proved fairly inefficient for the type of test metd under
consideration.

Fig. 14. Correctdetection rate (top) and false alarm rate (bottasih¢
different detection methods, in two of our resufitss 25 and s = 250.

From Fig. 14 we can see that the proposed algordfiers
better performance
Moreover, on average, our method generates a sitailal of
false alarms relative to ROD while avoiding the itiddal
complexity associated with the use of motion edimaand
compensation. On the other hand we can see thilapadian
filtering offers inferior performance both in terna$ correct
detection rate as well as false alarm rate.

in terms of correct detectiorie.ra

VL.

We have demonstrated that image segmentation o&itpra
useful framework for dirt detection in film resttiom. One
advantage of our approach in relation to techniguesating in
the spatial domain is the lack of any requiremetdted to the
specification of a filter such as shape and sizether relative
advantage is the capability of our approach to deté@t as
connected clusters of pixels in the shape of aoregihich is
consistent with actual manifestations of dirt. A lkedvantage
relative to motion estimation methods is the muokver
computational complexity. Finally, confidence wdigl
derived from interframe information allows fine ing
according to operator preference. Experimental engd
obtained using both manually-derived and objectiveund
truth data suggests that the proposed methoddste#, robust
and outperforms conventional spatial, temporal mntistage
median filtering.

CONCLUSIONS

=

APPENDIX

In dirt detection based on spatial median filteripixels are
processed as follows. For each piglj) in the current frame

f,» awindowW of radiusr is defined as

WG, J,r) ={(iy, 1 li - TE Ty - TIET
The total number of pixels i is (2r +1)*. Pixel values in

W are sorted in monotonically increasing or decrepsirder
and the median value is taken as the filter outibug), is the

i.e. g,@,j)=mediar(f, (' j")) .
(', i1 W(, j,r), then the dirt detected by spatial median
filtering (relative to a threshold, ) is given by

it 19,0,0)- f,0,]) Pt
otherwise

(12)

filter output where

D,G.j) =

13
0 (13)

For temporal median filtering, at least three fransre
needed: the current framg and the two motion-compensated

neighboring frame€, andC,, . In [2] the detected dirD,
is defined by Eq. (14) with thresholds, andt,, satisfying
t, >t,.

1C,. (1) - f.(L D P,

1 if |C.G,))- f @(,j)t,,
Dt(i,j): I | n+(? J) n(lj)l 1 (14)
|C,.. (,])- C.. (@, ]) L,
0 otherwise

Regarding multistage median filtering (MMF), the
bi-directional version was considered for our ekpents [10].
The basic concept of MMF is based on the five suidows
defined in three consecutive frames (see Fig 1&rAiltering



> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATIONNUMBER (DOUBLE-CLICK HERE TO EDIT) < 9

using Eq. (15)-(17), the dirt mask

m?

same way as in the spatial median filtering apgradmve.

() W

IT {01234}
=min[z] IT {1234} (16)

z, =medw] (15)

Z,., =Maxz], z

min

MMF (2) = Med 0 Zpyn 2] @)

(o) W ) W d) W (e) W

Fig. 15. Sub-windows defined in three consecuftigmes for bidirectiona
MMF (radius = 1).
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