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Abstract—Illumination distortion due to uncontrolled lighting
can severely degradethe color appearanceof a photo. Frequently,
the desired colors for objectsin a newly taken query image are
found in a previously stored databasemage. Then, the goal is to
changethe colors in the query image to match the colors in the
databaseimage. This paper presentsa color restoration system
that automatically retrievesa databaseimage which matchesthe
query image, even if the two images are taken from different
viewpoints and under different illuminations. Robust features
enable both accurate retrieval from the databaseand ef cient
sampling of the color differ encesbetweenthe query and database
images.A spatially varying color mismatch model is generated,
and the colors of the query image are effectively restored.

I. INTRODUCTION

Photosare often taken in non-ideallighting ervironments.
When the illumination is not carefully controlled or thereis
camergylare,theresultingcolorsfor objectsof interest(OOIs)
in the photoscandiffer signi cantly from theirintendedcolors.
Theilluminant's spectraldistribution hasasmuchin uence on
theresultingcolorsasanobject's own spectradistribution [1].

Post-photograph color restorationis an effective remedy
for photometricdistortion. A previously storedimage,called
a databaseimage, that shavs the ideal colors for OOls can
provide guidancefor color correctionin the newly captured
image, called a query image. For example, Fig. 1 showvs a
guery-databasgair for a CD cover. In this case,the OOIls
are the different objects on the CD cover, and the color
mismatchesare very noticeable. The databaseand query
imageswill generallybetakenfrom differentviewpoints,asin
Fig. 1, which introducesgeometricdistortionsbetweentheir
correspondingOO0ils. Given a large databasean automated
restorationsystemmustreliably selecta databasémagecon-
taining matchingOOls, despitethe geometricdifferencesThe
systemmust also be able to restorethe colors of eachquery
OOl in its given pose.

Marny techniqueshave beenpreviously inventedto correct
color distortion. Color restorationof fadedmoviesin [2] uses
global contrastenhancemeni he techniquecannotcorrectfor
spatially varying distortionslike linear gradients.Similarly,
adaptve color equalizationis usedin [3] to improve color
appearancef old movies.Both[2] and[3] measureestoration
subjectvely anddo not referencecleandatabaseversions.

(b)

Fig. 1. (a) Colordistortedquery CD cover image and (b) corresponding
cleandatabaseCD cover image.

Restorationof paintingswith referenceto databasemages
is presentedin [4], in which color histogramsare used to
retrieve databasematches.This retrieval method, howvever,
assumeghe color differencesbetweenthe query image and
matchingdatabasemageare small. Color histogramsare not
robust againstlarge photometricdistortionswhich commonly
occur in practice.In [5], the samplemeansof patchesin a
guery painting are adjustedto match the sample meansof
correspondingpatchesin a databasegpainting. The authorsof
[4] and[5] assuméhereareno geometricdistortionsbetween
OOils of query and databasej.e. color differencescan be
sampledfrom collocatedpixels.

In this paperwe proposea color restoratiorsystenthatcan
handle both photometricand geometricdistortions between
gueryanddatabas@®OIls. The key stratgy is to uselocalized
imagefeatureswhich are strongly robust against photometric
and geometricdistortions[6] [7]. First, the robust features
enableaccurateretrieval of a databasémage containingthe
sameOOls asthe queryimage,evenif the two imagesshowv
differentviewing anglesand lighting conditions.Second the
geometricdistortionsbetweenthe matchingOOls in the two
imagescan be calculatedfrom the feature correspondences.
Thus,thefeaturesallow samplingof the color differencesn a
muchmoregenerakettingthan[4] or [5]. If thedatabasexists
on a sener, featurescan be sentusingfar fewer bits thanthe
compressedjuery imageitself. As specialcasesour system
canalsocorrectdistortedintensitiesn agrayscalejueryimage
or add color to grayscalequeryimages.
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Fig. 2. Designof the proposedeatured-basedolor restorationsystem.

Our proposedmethodof feature-basedolor samplinghas
a broaderapplicationthan color restoration.The methodcan
be usedto efciently comparetwo imagesin the presence
of geometricdistortions.Typically, two imagesare compared
by measuringhe differencesbetweentheir collocatedpixels.
This approachwould characterizeheimagesin Fig. 1 asbeing
very different,eventhoughthey sharemary visualsimilarities.
In our framework, the geometricdistortions separatingtwo
imagescanbe found from robust featurecorrespondencesp
differencesbetweennon-collocatedpixels can be easily mea-
sured.This geometry-ware approachcapturesthe important
color differencesafter geometriccompensation.

We will presentfeature-basedolor restorationas follows.
Sec.ll discussedeature-basedmnage matchingand presents
a new techniqueon feature-basedolor differencesampling.
A spatially varying color mismatchfunction (CMF) can be
estimatedfrom the sampleswhich describeshow the query
imageshouldbe color-correctedelative to thedatabasémage.
Sec. Il describesaccuratebut simple approximationsfor
the CMF, leadingto efcient modelingby linear regression.
Experimentalresultsfor imagesof CD covers are presented
in Sec. IV. The proposedcolor restoration system gives
signi cant improvement, both subjectvely and in terms of
objectve mean-squared-errgMSE) measurements.

Il. FEATURE-BASED COLOR RESTORATION

An overview of the proposedsystemis given in Fig. 2.
The top half of the systemrepresentdeature-basedmage
matching.Featuresare rst extractedfrom the query image
on the camera,as explained in Sec. lI-A. These features
are encodedand decodedfor transmissionover the network.
Then, on the sener side, the query featuresare matchedto
databasdeaturesasexplainedin II-B. The bottomhalf of the
systemrepresentdeature-basedolor restoration,which will
be discussedn Sec.II-C. Color restorationusesthe features
andretrieved databasemagefound in the top half.

A. Extraction of Rolust Image Featues

The rst stepin theimagematchinghalf of Fig. 2 is feature
extraction from the query image. We utilize the speeded-up
robust features(SURF) algorithm [7], which is similar to an
earlier proposedscale-ivariant feature transform (SIFT) al-
gorithm[6]. SURF providesmore compactfeaturedescriptors
andfastermatchingthan SIFT.

SURF nds keypointsin animagecorrespondingo extrema
in scale space. These keypoints can be reliably identi ed

Fig. 4. Queryanddatabasémageswith a perspectie modelbetweerfeature
correspondences.

despitephotometricand geometricdistortions.The algorithm
searchedor keypoints at different scales,or different levels
of a multiresolution pyramid, to be robust against scaling
changes.Fig. 3 shavs the keypoints displayed on top of
the query image from Fig. 1(a). For the i™" keypoint, a 64-
dimensionaldescriptorhg; is generatedrom histogramsof
gradientsin a local neighborhoodaroundthe keypoint. Each
histogramis calculatedat the optimally selectedscalefound
earlier and also along an optimally selectedorientation.The
completequery SURF feature consistsof the descriptorhg;

andthe keypoint location (Xq;i ; Yq;i )-

B. Matching with Image Featues

The M extracted query featuresf hq;i; (Xq:i ; Yqi )OM, are
encodedfor efcient transmissionover the network, using
the Karhunen-Loge transform (KLT), scalar quantization,
and Huffman coding. Sec. IV will showv that the size of
the compressedeature set is a small fraction of the size
of a compressedjuery image. If the databaseof reference
imagesresideson a remotesener, the network representsa
communicationlink suchasa Bluetoothor WiFi channel.

At the sener, the query descriptorsetHq ~ fhgigt; is
decoded.First, the query descriptorsare classi ed through



a scalablevocahlulary tree (SVT), constructedduring a one-
time training phaseby hierarchicalk-meansclusteringof all
databasedescriptors.The SVT is usedto narrav down the
databasesearchspaceto a small setof mostlikely database
images[8].

Then,for eachlikely databasémagefound by the SVT, its
descriptorset can be effectively comparedagainst the query
descriptorsetusingthe ratio test[6]. The ratio testcanreject
non-distinct descriptorswhich typically hinder rather than
aid, the matchingprocess.Let the k" databasémage have
descriptorset Hg.x fhgai giM:§ , where My is the size of
the set. ComparingHq to Hgx using the ratio testresultsin
numberN ST of commonfeatureswhich passthe ratio test.

The nal stepin feature-basetmagematchingis geometric
consistenyg checking(GCC)[6], which calculatesa physically
sensibleaf ne or perspectie transformatiorbetweenthe key-
pointsin the queryanddatabasémagesAn exampleof avalid
perspectie transformatiorbetweerthekeypointsfor the query
anddatabasémagesof Fig. 1 is shavn in Fig. 4. Only theN X"
featuresfor the k™ databasémage which passthe ratio test
are further testedby GCC. Then, a very reliable measureof
matchingaccuray is N €€, thenumberof featuresvhich pass
both GCC andtheratio test NS¢ NJT . Thus,our color
restorationsystemselectsthe maxN S¢¢ databasémage as

the closestmatch.Sec.lV will demonstratehat feature-based

retrieval providesvery high matchingaccurag.

C. Samplingat Featuie Locationsand Restoation

Rohlust images features enable accurate retrieval of a
databaseémage closely matchedto the currentquery image.
The featureswhich passboth the ratio test and GCC also
provide valuableinformation aboutthe geometricdistortions
betweerthecorrespondindceypointsin thequeryanddatabase
images,as evidentin Fig. 4. Larger OOls can be de ned as
clustersof keypoints, so the geometricdistortions between
OOils are also known. Color differencesbetweenquery and
databaseOls cannow be sampled.

Supposehe setof N Itered query keypoints, which have
passedthe ratio test and GCC, is Py f (Xsi 5 Yo O -
Lik ewise, supposehe correspondingetof databas&eypoints
is Pg f(Xqi;Yai)dY, , wherethe i elementsof Py and
Py are geometricallymatched.Then, samplesof the color
differencebetweenquery image Q and databaseémagesD
are given by

Dj (Xa:i;Ya:i)
()

wherej indexes color channelswhile q and d differentiate
betweenquery and databaseémage spaces.Eqg. (1) can be
interpretedas samplef the color mismatchfunction (CMF).

The CMF is a spatially varying descriptionof how the query
colorsdiffer from the databasesolors. If the entire CMF can
be accuratelyestimatednot only at the samplekeypoints but

acrossall of imagespace thenthe queryimagecanbe color

corrected.

i (Xasi s Yaii)
j =123

Qj (Xgi; Ya;i)
i=1;:N;

The ltered query keypoints and the pixel valuesat the
ltered databasekeypoints needto be communicatedfrom
the databaseto the camera.Becausethe ltered keypoints
representa sparsesamplingof image space this information
canbe sentin very few bits, asshovn in Sec.IV.

The remaining task is to reconstructthe CMF from the
sparseset of samplesin (1). In Sec. lll, we will present
practical techniquesfor generatingan accurateestimate " .
Subtracting” from the query image Q gives us a restored
imageR:

Qj (Xq;yq) Aj (Xq;Yq)

(Xq;Yq) 2 fqueryimagespace: (2)
The restoredimagewill shav eachOOI in the sameposeas
in the query image but now with colors correctly matched

to the databaseémage. Noticeableimprovementsfrom this
restorationprocesswill be shavn in Sec.IV.

Rj (Xq:Yq)
j =123

I1l. COLOR MISMATCH MODELS

In this section,we presenttwo computationallyef cient
modelsfor the CMF describedn Sec.ll. Both modelsperform
well at approximatingtypical photometricdistortions.

A. Linear Model

Oftentimes,a linear model is sufciently accuratefor de-
scribingthe photometricdistortionobseredin a queryimage.
It cancorrecttwo of the mostcommonphotometriadistortions:
constantshifts and linear gradients We can calculatea CMF
estimateof the form

inj (Xq;Yq) = & Xq+ B ygq+ G i=123 (3

wherea separateetof parameter$a; ; by ; ¢ g is usedfor each
color channel Giventhe samplesn (1), the modelparameters
can be estimatedby linear regression.

Assuming i, models well for theN sampledrom (1),
we canform the approximatematrix relationship

i (Xq15 Ya;1) Xg;1
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j =123 4)

If N > 3, whichis alwaysthe casefor practicalfeature-based
imageretrieval, the systemof equationss overdeterminedand
aleastsquaresolutionfor themodelparameterss appropriate
for minimizing the modeling error at the samplekeypoints.
This solutionis given by
Bgonj = XX 'XT , j=123 (5)
After calculating(5), we canestimate” acrossall of query
imagespaceusing(3) andsubsequentlperformcolor restora-
tion by (2).
The proposedechniquecanbe appliedin ary three-channel
color space,suchas RGB or CIELAB spacesAdditionally,



as special cases,if the query imageis grayscalewhile the
databasémageis color, we can (i) apply the restorationin a
single channelto correctintensity distortionsor (ii) convert
the queryimageinto a color version.

B. Piecavise Linear Model

Higher order CMF models,like quadraticand cubic func-
tions, tend to overcompensatin regions of the query image
away from dense clusters of feature keypoints. Overcom-
pensationoccurs even with moderateregularization. When
extreme regularization is applied, the higher order model
essentiallypecomeghe linear model. An intermediatemodel
is a piecavise linear model,which canapproximatenonlinear
distortionsbetterthan the linear model but at the sametime
avoid the overcompensatingpehaior of higherordermodels.

To generate piecavise linear model, the featurekeypoints
must rst beseparateéhto severalclusters A simpleapproach
is to usethe k-meansclusteringalgorithm[9]. Alternatively,
the queryimage can be divided into multiple OOIls by some
suitablesegmentationalgorithm [10] [11], and the keypoints
within eachsegmentedOOI would form their own cluster

Supposethere are K clustersof query keypoints and K
correspondinglustersof databaseeypoints. For eachof the
clusters,we t a differentlinear model. Insteadof directly
applying the techniquesdiscussedin Sec. llI-A, however,
properregularizationmustbe addedto ensurea stablesolution
for eachcluster Regularizationis particularly important for
ary cluster with a small number of elements,becausethe
leastsquaressolution is very sensitve to noisewhenonly a
few samplesareavailable.Our pieceavise linear modelutilizes
Tikhonov regularization, which biases each local solution
towardsa stableglobal solution[12].

The stable global solution is the least squaressolution
8giobj (i = 1;2;3) given by (5). Then, the local Tikhonov-
regularizedsolutionis

Qyoc kj = aglob;j +
XTXi+ kl "XT( kg
j =123 k=

Xk aglob;j )
(6)

wherel is anappropriatelysizedidentity matrix, and X x and
k; arede ned analogousasX and j in (4), exceptusing
only the elementsof the k™" cluster Additionally, | is the
regularizationparametefor thek™ cluster wherelargervalues
of  biasthelocal solutionmoretowardsthe global solution.
Intuitively, clusterswith a lower number of elementsneed
more guidancefrom the global solution. Thus, our selection
is g is
num. elementsoverall
num. elementsin k™ cluster

As the numberof elementsn the k! clusterdecrease®o. K
moves closerto &gjop; -

Nearregion boundariesthe differentpiecavise modelsneed
to be smoothly meiged togetherto avoid visually unpleasant
boundaryartifacts.We proposea meging techniquein which
all K local modelsexert somein uence ateachpoint of image

Q)

spacebut a local model's in uence diminishesrapidly asthe
distanceincreasedrom the cluster centroid. Speci cally, the
meged model at point (Xq; Yq) IS

8merj (Xq:Yq) = k (Xq1 Yq) Qioc k;j

k=1
Ji (Xq3Ya)
Koy 1i (Xq;Ya)

(Xcenk; Yeenk) ji !

(Xcenko; Yeenko) Jj 1

(8)

where (Xcenk; Yeenk) i the centroid of the k™ cluster Near
a cluster centroid, the melged model becomeseffectively
that clusters local model. Betweenneighboringclusters,the
meiged modelis an averageof thoseclusters'local models.

k (Xq:¥q) = P

i =123

IV. EXPERIMENTAL RESULTS

Applying the color restorationsystem describedin Sec.
Il along with the modelsintroducedin Sec. lll, the color
appearancef queryimagescanbe signi cantly improved.On
the cameraside, photosof 50 differentCD coversweretaken,
and each query image has resolutionof 2592 1944 pixels.
Unevenillumination andcameraglarecanbe obseredin most
of the query photos.Most query CD cavers differ noticeably
in color appearancdrom their clean databaseversions,as
seenin the rst two columnsof Fig. 5. On the databassside,
10,000cleanCD covers are stored,and eachdatabasémage
hasresolutionof 500 500 pixels.Resultseportecherearefor
colorrestoratiorin RGB spacebut similar resultsareobtained
for color restorationin CIELAB space.For the piecavise
linear model, the centroidsof the four quadrantsof the CD
cover are usedfor the initialization of the k-meansalgorithm.

A. Image Matching Accuracy

Query and databaseSURF featuresare matchedusing the
criteria discussedn Sec.Il. The resultis that 48 of the 50
gueryimagesare correctlymatchedo their databaseersions.
SURFfeaturesare robust againstthe challengingphotometric
and geometricdistortionsencounteredn the queryimages.

B. Visual Color Improvements

The restoredimagesare much closerin color appearance
to the databaseémagesthan the unprocessedjuery images.
Fig. 5 shavs four sets of images, each set consisting of
the unprocessedjuery image, the clean databasemage, the
linearly restoredimage, and the piecevise linearly restored
image.Both modelsperformwell at shifting the query colors
towards the referencedatabasecolors. The piecavise linear
modelis ableto make more preciselocal adjustments.

C. MSE Reductions

Impraovementsfrom color restorationcanalsobe quanti ed
using an objectve mean squarederror (MSE) metric. To
measureMSE betweenquery and databaseCD covers, the
geometricdistortionbetweenthemmust rst be removed. We
projecteachquery cover into a recti ed 500 x 500 squareso
thatit canbedirectly comparedagainstthedatabaseover. The



(a) Norm. MSE = 1.00 (e) Norm. MSE = 0.00 (i) Norm. MSE = 0.14 (m) Norm. MSE = 0.12

(b) Norm. MSE = 1.00 (f) Norm. MSE = 0.00 (i) Norm. MSE = 0.22 (n) Norm. MSE = 0.21
(c) Norm. MSE = 1.00 (g) Norm. MSE=0.00 (k) Norm. MSE = 0.22 (0) Norm. MSE = 0.21
(d) Norm.MSE=1.00  (h) Norm. MSE = 0.00 () Norm. MSE = 0.16 (p) Norm. MSE = 0.13

Fig. 5. (a-d) Unprocessedjueryimages.(e-h) Databasémages.(i-I) Restoratiorwith linear model.(m-p) Restoratiorwith piecevise linear model.

projection usesa perspectie transformationcalculatedfrom MEAN NORMALIZED MSETC,?E'EEIS FOR QUERY CD COVERS.
the Itered featurekeypointsfrom Sec.ll-B. Imageregistration
py integer—pel shifting over a gmall searchrangeof_ [-10,10] l Viethod [ MeanNormalizedMSE |
is alsoappliedto reducemisalignmentafter projection. Unprocessed 1000
Becausdghe MSE uctuatesfrom oneimageto the next due Linear 0.330
to changinglighting conditions,each MSE reportedhere is Piecavise Linear 0.327

normalizedby the MSE betweenthe (projected)unprocessed
guery cover and the databasecover. The normalizedMSE of
the unprocesseduerycover is alwaysunity. If thenormalized - thatarecorrectlymatchedPiecavise linearrestoratiorslightly
MSE of thecolor-correctectjuerycover falls below unity, color  oytperformslinear restoration.
restorationhassuccessfullyreducedthe MSE. _

Labelsundertheimagesin Fig. 5 shav thenormalizedvSe D Model Comparison
values.All four setsshav signi cant reductionsn MSE after As shawvn in Sec.IV-B and IV-C, the linear and piecavise
colorrestorationasmuchas87 percent.Tablel liststhemean linear modelsare both effective at reducingcolor distortionin
normalizedMSE values, averagedover all 48 query covers the query images.Both modelsare accurateapproximations



TABLE 1l
AVERAGE TRANSMISSION COSTS FOR COMPRESSED DATA.

test and GCC. Sampling the color differencesin (1) is an
O (N¢ ) operation.Calculatinga least-squaremodelfrom the

[ Quantity [[ AverageSize (Kilobytes) ] N; color differencesampleshasO N2 compleity because
QueryImage (2592 x 1944) 660 matrix inversion and multiplication are requiredin (5) and
DatabasggﬁaatlgreeS(StOX 500) i? (6). Finally, color-correctingthe query imagein (2) requires

CMF SampleSet 1 O (Np) compleity, whereN, is the numberof pixels.
V. CONCLUSION
[ o [, Bk This paper has presentedan effective color restoration
10 * systemfor correcting photometricdistortionsin ary query
20 . .

?m :Z image. The systemaccuratelyusesrobust featuresto retrieve

20 40 . @ Mmatching databaseimage that senes as color reference,
even when geometricand photometricdistortions exist be-

(a) R channel (b) G channel (c) B channel tweencommonobjectsin the query and databasémages.By

— — —,  efciently reusingthe featurekeypointsto samplethe color
iz 0 o differencesbetweenquery and databaseémages,the photo-

0 20 s  Mmetric distortion can be reliably estimatedand diminished.
10 0 s  Restoredqueryimagesshav signi cant color improvements,
L% L t Jwo  poth subjectvely andobjectively. Transmissiorcostsfor both
retrieval and color restorationarefairly low, andthe proposed

(d) R channel (€) G channel (f) B channel  athodcanbeeasilyintegratedinto ary existing feature-based

» . 20 technologiesFeature-basedolor samplingalsohasa broader
10 40 applicationfor comparingtwo imageswhose corresponding
° 20 &0 pixels are not collocated.
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