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ABSTRACT

This paper proposes a new algorithm that extradts correction parameters from pairs of images emables the
perceived illumination of one image to be imposedte other. The algorithm does not rely upon pagsumptions
regarding illumination constancy and operates betwmages that can be significantly different intemt. The work
derives from related research on visual attentrmhsamilarity in which the performance distributsaf large numbers
of randomly generated features reveal characsisfiimages being analysed. A proposed coloectian service to
be offered over a mobile network is described.

1. INTRODUCTION

The color of illumination of a scene can have a di&mnaffect on the performance of image retriewaltams. In
addition different imaging devices will produce wig different responses. As there is normally natad over the
camera characteristics, image preprocessing, tgbtbess or the color of the illumination, and theface reflectances,
this becomes a serious problem for object recagmiéind will lead to apparently identical imagesnbeassessed as
different by the machine. It would not be accefgtdbr a photo taken in the late afternoon to resida different class
to an identical photo taken in the morning.

Color constancy seeks a relationship between calmissurface illumination so that the recorded rcoém be mapped to
the correct one [42]. In the absence of a pradigmition of the ‘correct’ illumination in each s@, most approaches to
the color correction problem have to make assumgtiabout the statistics of the reflectances andltireinants that

will be encountered. The basic Retinex computadicineves a good measure of color constancy by imgipe
maximum value of each channel to white, but sonmegiforces scenes dominated by a single color torbegray [39].
Finlayson et al [34] used a diagonal model of ililb@aion change and applied histogram equalizatiith ome success
but found that performance was lower on images spttially varying illumination. The Color by Celation approach
[45] requires a set of training illuminants thatempasses the images in question and furthermaorest also overcome
sources of mismatch between the model and thewadd. Jackowski [43] corrects color distortionsroduced by a
camera by using known color charts to calibratedfi@rmation functions that relate colors on thertctmathose in the
image. Reinhard et al [44] imposes one imagests aharacteristics on another by matching theayeicolors in Lab
color space. The problem of comparing images gs#sg different compositions is addressed by coimgawatches
taken from key parts of each image.

Human vision possesses an ability to interpret esenithout being troubled by the brightness or rcadb the
illumination and should be an inspiration for neseas in this field. Work on modeling the functitityaof human
vision is proving fruitful in the areas of visuatention [41], symmetry detection [40] and visuiahigarity [33].

Visual attention plays a major function in humasion both for our survival and our ability to spgastterns in our
environment. Models of attention endeavour to jgtegthich parts of an image or video will attraetrattention and
promise to find application in data compressiomtent base image retrieval, automated visual ingpeand other
sectors where human vision is currently an esdezdiaponent. Measures of attention within imagescosely related
to measures of similarity between images becausatan normally is drawn towards differences betwéoreground
and background and this is necessarily determinethé large scale similarity of the background wiigelf The
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identification of visual anomalies is thereforermany ways synonymous with detecting similaritieseelhere in an
image and this suggests that attention mechanissgsmreused in some form to estimate similarity.

The work outlined in this paper is based on theomothat color constancy arises in human vision assalt of
experiencing visual similarity rather than of soaiesolute definition of color correctness. This pagescribes a new
approach to illuminant estimation and correctiopart of the need to obtain similarity estimatest tire independent of
the illumination.

1.1. Similarity measures

Similarity measures are central to most patterngeition problems not least in computer vision #relneed to access
huge volumes of multimedia content now being braatiand offered on the Internet. These problems hwtivated
considerable research into content based imagewvait{1,2,3,4,5] and many commercial and labosasystems are
described in the literature [6-13]. There are s@va@pproaches to similarity and pattern matchimgdymuch of this is
covered in several survey papers [14-19]. Mamyr@aches involve the use of pre-determined featuel as edges,
color, location, texture and functions dependenpiarl values e.g. [20]. Mikolajczyk et al [21]aiedge models to
obtain correspondences with similar objects. Theatages and disadvantages of using 3D histogramiich bins
represent location are investigated by Ankerst g223.

The selection of features dependent upon the spatehgement of sets of points sampled from shigmestrategy used
by several authors to obtain some of the besttsetubate [23-25]. However, all the approachespis-determined
point selection rules and metrics that can limif@@nance on unseen data. Viola et al [26] resthiemselves to a
specific type of rectangle feature which works vieltheir face recognition application, but may petform as well on
data that is not suited to this feature.

Increasingly research is turning to models of patioa in order to reflect the behaviour of the hurnésual system in
measures of similarity. Mojsilovic et al [27] userceptually important colors to construct a feategctor for similarity
measurement, and overcome the problem of closescot@upying different quantization bins. Law ef2d] introduce
a measure of saliency in their development of tufeaselection and clustering algorithm. A featisrdeemed
irrelevant if its distribution is independent oésk labels. Visual attention models by Itti [28] ased by Frintrop et al
[30] to focus computational resource and recogBi3®bjects. Shape contours are detected by Gegoret al [31]
using a model of human visual surround suppregbiatnidentifies perceptually significant edges.

It is almost universal that established approath@attern analysis make use of a priori featuredistinguish and
recognise classes of data [Duda et al]. Unlessiheerse of data is completely understood it alivays be possible to
produce unseen data on which these systems Wil Taie nature of visual data certainly is such tiasingle fixed set
of features appears capable of encompassing thieeatbmplex relationships that exist between &aah In fact the
strength of similarity between each pair of patama class could be on a different basis in eeasge with no two
patterns sharing the same features as any otherlp@ih dimensional feature spaces offer no sofuto this problem.

1.2. Cognitive visual attention

Studies in neurobiology [32] are suggesting thaham visual attention is enhanced through a prooessmpeting
interactions among neurons representing all ostimeuli present in the visual field. The competitiesults in the
selection of a few points of attention and the seggion of irrelevant material. 1t means that peepd animals are
able to spot anomalies in a scene no part of wihieir have seen before and attention is drawn iergéto the
anomalous object in a scene.

Such a mechanism has been extended to apply tmthparison of two images in which attention is drawthose parts
that are in common rather than their absence #einase of saliency detection in a single imagg [BVhereas saliency
measures require no memory of data other thamthge in question, cognitive attention makes usstwdr stored
material in order to determine similarity with ankmown image.
The model of Cognitive Visual Attention (CVA) usedthis paper relies upon the matching of large renmbf pairs of
pixel groups (forks) taken from patterns A and Ble@mcomparison.
Let a locatiorx in a pattern correspond to a measureraemhere

X = (X1, %) anda= (a, &, &)
Define a functiorF such thata = F(x).
Select a fork ofn random point&, in pattern A where



& = {X11 X21 X31 1Xm}
Similarly select a fork of m point&; in pattern B where
S = {y1, ¥2, ¥ -..,¥Ym} Where
Xi-Yi= 9
The forkS, matches the forkg if
[F(xi) - F(yi)| < & i forsomed; j=1,2,...,N
An example of an = 4 fork fitting images A and B is shown in Figure In genera# is not a constant and will be
dependent upon the measurements under compagson i.

g = fi(F(x), F(y)

In effect up to N selections of the displacemefitgpply translations t8, to seek a matching foi&s.
The CVA similarity scoreC,g is produced after generating and applylnigrks S, :

i 1 if S,matche

Cpe =D W wherew = " _ S

= 0 otherwise
Cag is large when a high number of forks are founth&dch both patterns A and B and represents featiuaedoth
patterns share. It is important to note th&, also has a high value it does not necessarilgviothatCgc is large

because patterns B and C may still have no fealnm@smmon. The measure is not constrained byritiegle
inequality and is able to model a greater degremuoiplexity than a more restricted metric.

Figure 1: Four pixel fork matching image A and ired@ywith g = (3, -1)

2. RELATIVEILLUMINANT ESTIMATION

In this work we have applied random color shiftsimiy the fork matching process as a means of abgillumination
independence when calculating the CVA similarityaswge. No restriction is placed on the choiceatdreshift (which
effectively varies brightness) and will change dach new fork generated. In this case the $gnkatches the forks if

|F(xi) - F(vi)+ o] < & i for somew;, §; j=1,2, ..., N

whereg; = (o1, o2, oj3) is a valid random displacement in the pixel calomponents in image A. Peakss in the
distribution ofe; for j corresponding to matches will reflect the ovedsffierence in illumination between images A and
B providing sufficient common geometry and fork oteds are found.uas being an average does not reflect any
variation in illumination across the image althoumyhrestricting diameter of forks an estimatqugi(y;) as it varies over
image B may be obtained. This approach has tharaage that no prior assumptions are made aboufthera or the
nature of the illumination that might impose anoonial results.



The color shiftusg that stimulates the highest frequency of matckpsessents a measure of the relative illumination of
image B with respect to image A. We apply the reeesolor shift uag to pixels in image B to obtain a transformation
that approximates the illumination present in image In the results below,g was taken to be the average of the color
shiftsaag that were applied when a match resulted:

Has = ZaAB / Cre

S, matchesSg

If the original reference image A is geometricadlgntical to the color corrected version B it beesrmpossible to
measure the percentage color deviaiiyg between the two images on a pixel by pixel basis:

Z Z‘Xijk - yijk‘

e = ij k=r,gb
" > 255
ijk
wherex; andyj are corresponding pixel color component values5®) i each image.

3. RESULTS

The number of pixelaf) to be included in each fork is a critical paraenetlf mis too great the number of matches
decreases leading to poor statistics and highepuatation; ifmis too small image structure may be overlookediten

to inaccurate color correction. The image colarection error€,; was computed for images A and B in Figure 2 [47]
for several values aoh and averaged over 5 runs witl= N = 1000. The performances are shown in Table 1.

m 1 2 3 4 5 6 7 8
€5 7.86 6.00 4.28 3.99 4.02 4.00 400 4.01

Standard 0.74 0.04 0.12 0.05 0.06 0.04 0.04 0.15
deviation

Table 1. Color correction errors for images A anid Bigure 2

The error rates in Table 1 indicate that little i9&ogained by increasimg beyond 4 not least because computation is
proportionate tan. In the case ah = 1 the correction is heavily dependent upon dh&tive color values of the largest
areas of co-colored pixels in each image and givespproximate result only when the images are gaarally similar.

Subsequent images are all processed Wittb00 randomly generated forks each possessingt pixels withN = 500.

The distribution of color shifts for red green ardedfor matching forks between images A and B guFé 2 is shown

in Figure 3. In this cagess = (-28,42,-2) indicating that a reduction in redues and an increase in green encouraged a
greater likelihood of a match. By the same tokes $ame shift was a measure of the change iniillation between

image A and Image B and applying a color shift @fg produces the corrected version with an error vafu89%.

In Figure 4 image A is illuminated with yellow lighnd image B with blue light [35]. The differericallumination is
obtained with the same parameters as used in Fanel givegiag = (-27,9,57). The reverse shift in pixel colors
removes the blue tinge and restores the yellownithation to image B with an error value of 4.05%.

Figure 5 [36] shows an image (Image A) which haanbmanually restored from a color cast version ¢end). A color
shift of uag = (17,35,-33) produced the corrected version whanpares favourably with the manually corrected
version. In this case the original and color eassions are not identical in composition and size.

As in Figure 5 it is not necessary for the imageand B to be identical in all respects except ilhetion. Figure 6
shows a cropped version of image A in Figure 2 ttogrewith the same image B as Figure 2. The riagudiolor shift
Hure = (-33,38,-9) yields an error of 4.16% only masdiy greater than that obtained using geometrigditical
images.



More significantly the images do not have to béhefsame scene. Unlike Reinhard et al [46] wealmeed to select
areas within each image for specific comparisorabse the statistics of matching pairs of forksaalyetake this into
account. Matching forks which span important caeldjacencies in different positions in each imag&ribute towards
the estimate of the relative illumination regardle$the detailed composition of the images. ImAge Figure 7 is
illuminated with sunlight [37]. Image B [38] hasalor cast which is common in digital photograpfihis is removed
with a color shift of uag = (-23,-5,-15) and an error of 3.92% and may bapgared with the manually treated image on
the right.

The fact that relative illumination may be calcuthfeom a sample of images exhibiting a preferracdfédluminations
means that working images may be processed to appdar a range of lighting conditions without éitg necessary to
make special arrangements. Furthermore images$mégilored automatically to individual preferenbgssimply
supplying examples of acceptable images and allpttia system to adjust the color balance accorglingl

Figure 2: Original image A, illuminated version Bidacorrected versiopag = (-33,39,-4), error = 3.89%

Red Green Blue

or N WA GO N® O
ok N W s O O N ®

ok N WA U O N ®




N -

Figure 5: Manually restored image A, image B WitIDast, and corrected versigag
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Figure 7: Image A, Image B with blue color castrected versiopag = (-23,-5,-15),
version.

4. DISCUSSION

It is important to note that this approach ideasfcolor shifts that maximise the similarity of timmages. In this
way it gives a good indication of a possible chaingéumination between the two images, but it so@t provide
an absolute estimate for the illumination in eitimage. It is possible that with more informatigiraned from
more images under different illuminations goodreatis of illuminants can be obtained

The color shiftsuag extracted in this work are based on averagesradatdrom fork matches over the entire area of
the images. They therefore do not take accouangfvariation of perceived illumination across ittnage but
arrive at a compromise solution and therefore siptessource of error. Spatially differentiatedocaorrection



could be obtained by first recording the positiand color shifts applied to matching fork pixe/s.smoothed 2-
dimensional profile of color shifts could then Is=d to correct images and obtain better conformaitbethe ideal
result.

Shadows are sometimes a problem for object redogrand this approach offers some scope for miningitheir
effects. The color and brightness of objects ing@érin shadow have a relationship with those fitoensame
object that are not immersed in shadow. It mathkealifferences are simply one of brightness batroonly the
colors in shadow are shifted by other sourcesgbitli It would be reasonable to expect that spatildr correction
between similar images with and without shadows$neduce their prominence.

The computational requirements of this techniqudratependent of the size of the image, but increashe pair
of images under comparison become less similassiDilar images will not yield many matching foksd the
color correction statistics will become less rdiahs the number of matches falls. Processingoifrgtrically
similar images takes 12 sec on a 1Ghz machinetiN = 1000 using Visual Basic software. This rise&%asec
for dissimilar images. Equivalent code in C++ taader 100ms and related implementations using some
parallelism on the Texas Instruments DM642 DSP @iatfindicate that processing can take place abvigeeds.

5. REAL WORLD USAGE of ALGORITHM

The techniques used will be exposed to end-usexseal-world environment, utilising BT’s Broadband
Applications Testbed (BAT). The BAT enables new tedbgies to be rapidly deployed as new services, ti¢h
goal of understanding both the technical perforraaand end-user acceptance and issues arisingtieormew
service. In this case, end-users can upload pltates from their camera-phones, and receive caoected
images back to the same devices.

Figure 8 below shows the logical high-level arattitee of the color algorithm as a web-service, latée in a
fixed-mobile convergence (FMC) scenario, where esers can upload images from either their mobitaphusing
the cellular network (in this case MMS) and alsmfrtheir PC within a broadband environment. In fica¢ the
end-user tests will only utilise the mobile instatibn.

Mabile User
G@ Mobile Network - o
B i —— o) = -\
? \ % .\..-.
. \  Broadband
% | Applications
Hame Testbed

Environment

Mobile pre
Procassing

e

Brasdhand pre-|

" Broadband
Metwork

Colour Websarvica

Figure 8: BT’'s Broadband Applications Testbed, smawhigh-level architecture for Color as a web-sezvic



For implementation from a mobile handset, userksgihd MMS messages containing both the imagerea)
and reference images — the front-end mobile sevilepass the two images to the web service runtiirggcolor-
correction algorithm, and will then send the coleddmage back to the end-user via the MMS chantusers will
also have the option of selecting reference imé&ges a centrally provided set.

Feedback from the triallists is expected to dickat®r such a service could be improved — for exaniplaiploading
the corrected images to a network-based file staecan be accessed from both PC and mobile handse

Potential embodiments of a future service, coudshthe provided directly by a service provider tigtoan online
portal. One advantage of providing the implemeénitads a distributed web service however, mearistiea
technology can be provided as a wholesale netwarmiice. This is beneficial for service providarghe retalil
space as they can leverage upon not only the téendout computational resources provided by thelesaler (if
providing the service to large numbers of consujneriis approach leads to dramatically reduceadhmeds
usually associated with installing costly infrastire for computationally intense processes, addaieg the time
to market.

6. CONCLUSIONS

This paper has presented a new way of adjustingdateeived illumination between pairs of imagese Pphirs of
images do not have to be geometrically identicatha reference image can be a portion of the irhage
corrected or can contain completely different cohtéMore investigations are necessary to exploegperformance
on a greater range of image content and the etdamihich the images can become structurally didamhiefore the
correction becomes unreliable. The results, howere encouraging and should find applicatiorhi t
optimization of camera settings and a color coivectervice to be offered over a mobile network..

This research has been conducted with the supp@ritigh Telecom and within the framework of the Eagan
Commission funded Network of Excellence “Multimetliaderstanding through Semantics, Computation and
Learning” (MUSCLE) [46].
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