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Abstract—Illumination distortion due to uncontrolled lighting
can severely degradethe color appearanceof a photo. Frequently,
the desired colors for objects in a newly taken query image are
found in a previously stored databaseimage.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 fr om differ ent
viewpoints and under differ ent illuminations. Robust features
enable both accurate retrieval fr om 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 environments.
When the illumination is not carefully controlledor there is
cameraglare,theresultingcolorsfor objectsof interest(OOIs)
in thephotoscandiffer signi�cantly from their intendedcolors.
Theilluminant's spectraldistribution hasasmuchin�uence on
theresultingcolorsasanobject's own spectraldistribution [1].

Post-photography color restorationis an effective remedy
for photometricdistortion.A previously storedimage,called
a databaseimage,that shows the ideal colors for OOIs can
provide guidancefor color correctionin the newly captured
image, called a query image. For example, Fig. 1 shows a
query-databasepair for a CD cover. In this case,the OOIs
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
correspondingOOIs. Given a large database,an automated
restorationsystemmust reliably selecta databaseimagecon-
tainingmatchingOOIs,despitethegeometricdifferences.The
systemmust also be able to restorethe colors of eachquery
OOI in its given pose.

Many techniqueshave beenpreviously inventedto correct
color distortion.Color restorationof fadedmovies in [2] uses
globalcontrastenhancement.Thetechniquecannotcorrectfor
spatially varying distortions like linear gradients.Similarly,
adaptive color equalizationis used in [3] to improve color
appearanceof old movies.Both [2] and[3] measurerestoration
subjectively anddo not referencecleandatabaseversions.

(a) (b)

Fig. 1. (a) Color-distortedquery CD cover image and (b) corresponding
cleandatabaseCD cover image.

Restorationof paintingswith referenceto databaseimages
is presentedin [4], in which color histogramsare used to
retrieve databasematches.This retrieval method, however,
assumesthe color differencesbetweenthe query image and
matchingdatabaseimagearesmall. Color histogramsarenot
robust against large photometricdistortionswhich commonly
occur in practice.In [5], the samplemeansof patchesin a
query painting are adjustedto match the samplemeansof
correspondingpatchesin a databasepainting.The authorsof
[4] and[5] assumethereareno geometricdistortionsbetween
OOIs of query and database,i.e. color differencescan be
sampledfrom collocatedpixels.

In this paper, we proposea color restorationsystemthatcan
handle both photometricand geometricdistortions between
queryanddatabaseOOIs.The key strategy is to uselocalized
imagefeatureswhich arestrongly robust againstphotometric
and geometricdistortions [6] [7]. First, the robust features
enableaccurateretrieval of a databaseimage containingthe
sameOOIs as the query image,even if the two imagesshow
different viewing anglesand lighting conditions.Second,the
geometricdistortionsbetweenthe matchingOOIs in the two
imagescan be calculatedfrom the featurecorrespondences.
Thus,the featuresallow samplingof thecolor differencesin a
muchmoregeneralsettingthan[4] or [5]. If thedatabaseexists
on a server, featurescanbe sentusingfar fewer bits thanthe
compressedquery imageitself. As specialcases,our system
canalsocorrectdistortedintensitiesin agrayscalequeryimage
or addcolor to grayscalequery images.



Fig. 2. Designof the proposedfeatured-basedcolor restorationsystem.

Our proposedmethodof feature-basedcolor samplinghas
a broaderapplicationthan color restoration.The methodcan
be used to ef�ciently comparetwo imagesin the presence
of geometricdistortions.Typically, two imagesarecompared
by measuringthe differencesbetweentheir collocatedpixels.
Thisapproachwouldcharacterizetheimagesin Fig. 1 asbeing
very different,eventhoughthey sharemany visualsimilarities.
In our framework, the geometricdistortions separatingtwo
imagescanbe found from robust featurecorrespondences,so
differencesbetweennon-collocatedpixels canbe easilymea-
sured.This geometry-aware approachcapturesthe important
color differencesafter geometriccompensation.

We will presentfeature-basedcolor restorationas follows.
Sec.II discussesfeature-basedimagematchingand presents
a new techniqueon feature-basedcolor differencesampling.
A spatially varying color mismatchfunction (CMF) can be
estimatedfrom the samples,which describeshow the query
imageshouldbecolor-correctedrelative to thedatabaseimage.
Sec. III describesaccuratebut simple approximationsfor
the CMF, leading to ef�cient modelingby linear regression.
Experimentalresultsfor imagesof CD covers are presented
in Sec. IV. The proposedcolor restoration system gives
signi�cant improvement, both subjectively and in terms of
objective mean-squared-error(MSE) measurements.

I I . FEATURE-BASED COLOR RESTORATION

An overview of the proposedsystemis given in Fig. 2.
The top half of the systemrepresentsfeature-basedimage
matching.Featuresare �rst extractedfrom the query image
on the camera,as explained in Sec. II-A . These features
are encodedand decodedfor transmissionover the network.
Then, on the server side, the query featuresare matchedto
databasefeatures,asexplainedin II-B. Thebottomhalf of the
systemrepresentsfeature-basedcolor restoration,which will
be discussedin Sec.II-C. Color restorationusesthe features
andretrieved databaseimagefound in the top half.

A. Extraction of Robust Image Features

The�rst stepin the imagematchinghalf 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-invariant featuretransform(SIFT) al-
gorithm[6]. SURFprovidesmorecompactfeaturedescriptors
and fastermatchingthanSIFT.

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

Fig. 3. Query imagewith SURFpointsof interestoverlaid.

Fig. 4. Queryanddatabaseimageswith a perspective modelbetweenfeature
correspondences.

despitephotometricandgeometricdistortions.The algorithm
searchesfor keypoints at different scales,or different levels
of a multiresolution pyramid, to be robust against scaling
changes.Fig. 3 shows the keypoints displayed on top of
the query image from Fig. 1(a). For the i th keypoint, a 64-
dimensionaldescriptorhq;i is generatedfrom histogramsof
gradientsin a local neighborhoodaroundthe keypoint. Each
histogramis calculatedat the optimally selectedscalefound
earlier and also along an optimally selectedorientation.The
completequery SURF featureconsistsof the descriptorhq;i

andthe keypoint location(xq;i ; yq;i ).

B. Matching with Image Features

The M extractedquery featuresf hq;i ; (xq;i ; yq;i )gM
i =1 are

encodedfor ef�cient transmissionover the network, using
the Karhunen-Loeve transform (KLT), scalar quantization,
and Huffman coding. Sec. IV will show that the size of
the compressedfeature set is a small fraction of the size
of a compressedquery image. If the databaseof reference
imagesresideson a remoteserver, the network representsa
communicationlink suchasa Bluetoothor WiFi channel.

At the server, the query descriptorset Hq � f hq;i gM
i =1 is

decoded.First, the query descriptorsare classi�ed through



a scalablevocabulary tree (SVT), constructedduring a one-
time training phaseby hierarchicalk-meansclusteringof all
databasedescriptors.The SVT is used to narrow down the
databasesearchspaceto a small set of most likely database
images[8].

Then,for eachlikely databaseimagefound 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 th databaseimage have
descriptorset Hd;k � f hd;k ;i g

M k
i =1 , where M k is the size of

the set.ComparingHq to Hd;k using the ratio test resultsin
numberN RT

k of commonfeatureswhich passthe ratio test.
The�nal stepin feature-basedimagematchingis geometric

consistency checking(GCC)[6], which calculatesa physically
sensibleaf�ne or perspective transformationbetweenthe key-
pointsin thequeryanddatabaseimages.An exampleof avalid
perspective transformationbetweenthekeypointsfor thequery
anddatabaseimagesof Fig. 1 is shown in Fig. 4. Only theN RT

k
featuresfor the kth databaseimagewhich passthe ratio test
are further testedby GCC. Then, a very reliable measureof
matchingaccuracy is N GCC

k , thenumberof featureswhichpass
both GCC andthe ratio test

�
N GCC

k � N RT
k

�
. Thus,our color

restorationsystemselectsthe max-N GCC
k databaseimage as

the closestmatch.Sec.IV will demonstratethat feature-based
retrieval providesvery high matchingaccuracy.

C. Samplingat Feature Locationsand Restoration

Robust images features enable accurate retrieval of a
databaseimageclosely matchedto the currentquery image.
The featureswhich passboth the ratio test and GCC also
provide valuableinformation about the geometricdistortions
betweenthecorrespondingkeypointsin thequeryanddatabase
images,as evident in Fig. 4. Larger OOIs can be de�ned as
clustersof keypoints, so the geometricdistortions between
OOIs are also known. Color differencesbetweenquery and
databaseOOIs cannow be sampled.

Supposethe setof N �ltered querykeypoints,which have
passedthe ratio test and GCC, is Pq � f (xq;i ; yq;i )gN

i =1 .
Likewise,supposethecorrespondingsetof databasekeypoints
is Pd � f (xd;i ; yd;i )gN

i =1 , where the i th elementsof Pq and
Pd are geometricallymatched.Then, samplesof the color
differencebetweenquery image Q and databaseimagesD
aregiven by

� j (xq;i ; yq;i ) � Qj (xq;i ; yq;i ) � Dj (xd;i ; yd;i )

j = 1; 2; 3 i = 1; :::; N ; (1)

where j indexes color channels,while q and d differentiate
betweenquery and databaseimage spaces.Eq. (1) can be
interpretedassamplesof thecolor mismatchfunction (CMF).
The CMF is a spatiallyvarying descriptionof how the query
colorsdiffer from the databasecolors. If the entireCMF can
be accuratelyestimated,not only at the samplekeypointsbut
acrossall of imagespace,thenthe queryimagecanbe color-
corrected.

The �ltered query keypoints and the pixel values at the
�ltered databasekeypoints need to be communicatedfrom
the databaseto the camera.Becausethe �ltered keypoints
representa sparsesamplingof imagespace,this information
canbe sentin very few bits, asshown in Sec.IV.

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

Rj (xq; yq) � Qj (xq; yq) � �̂ j (xq; yq)

j = 1; 2; 3 (xq; yq) 2 f query imagespaceg: (2)

The restoredimagewill show eachOOI in the sameposeas
in the query image but now with colors correctly matched
to the databaseimage. Noticeable improvementsfrom this
restorationprocesswill be shown in Sec.IV.

I I I . COLOR M ISMATCH MODELS

In this section, we presenttwo computationallyef�cient
modelsfor theCMF describedin Sec.II. Both modelsperform
well at approximatingtypical photometricdistortions.

A. Linear Model

Oftentimes,a linear model is suf�ciently accuratefor de-
scribingthephotometricdistortionobserved in a queryimage.
It cancorrecttwo of themostcommonphotometricdistortions:
constantshifts and linear gradients.We cancalculatea CMF
estimateof the form

� lin;j (xq; yq) = aj � xq + bj � yq + cj j = 1; 2; 3; (3)

wherea separatesetof parametersf aj ; bj ; cj g is usedfor each
color channel.Given thesamplesin (1), themodelparameters
canbe estimatedby linear regression.

Assuming� lin models� well for theN samplesfrom (1),
we can form the approximatematrix relationship
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j = 1; 2; 3: (4)

If N > 3, which is alwaysthecasefor practicalfeature-based
imageretrieval, thesystemof equationsis overdetermined,and
a leastsquaressolutionfor themodelparametersis appropriate
for minimizing the modeling error at the samplekeypoints.
This solution is given by

âglob;j =
�
X T X

� � 1
X T � j j = 1; 2; 3: (5)

After calculating(5), we can estimate ^� acrossall of query
imagespaceusing(3) andsubsequentlyperformcolor restora-
tion by (2).

Theproposedtechniquecanbeappliedin any three-channel
color space,such as RGB or CIELAB spaces.Additionally,



as special cases,if the query image is grayscalewhile the
databaseimageis color, we can (i) apply the restorationin a
single channelto correct intensity distortionsor (ii) convert
the query imageinto a color version.

B. PiecewiseLinear Model

Higher order CMF models,like quadraticand cubic func-
tions, tend to overcompensatein regions of the query image
away from denseclusters of feature keypoints. Overcom-
pensationoccurs even with moderateregularization. When
extreme regularization is applied, the higher order model
essentiallybecomesthe linear model.An intermediatemodel
is a piecewise linear model,which canapproximatenonlinear
distortionsbetter than the linear model but at the sametime
avoid the overcompensatingbehavior of higherordermodels.

To generatea piecewise linear model,the featurekeypoints
must�rst beseparatedinto severalclusters.A simpleapproach
is to usethe k-meansclusteringalgorithm [9]. Alternatively,
the query imagecan be divided into multiple OOIs by some
suitablesegmentationalgorithm [10] [11], and the keypoints
within eachsegmentedOOI would form their own cluster.

Supposethere are K clustersof query keypoints and K
correspondingclustersof databasekeypoints.For eachof the
clusters,we �t a different linear model. Insteadof directly
applying the techniquesdiscussedin Sec. III-A , however,
properregularizationmustbeaddedto ensurea stablesolution
for eachcluster. Regularization is particularly important for
any cluster with a small number of elements,becausethe
leastsquaressolution is very sensitive to noisewhen only a
few samplesareavailable.Our piecewise linearmodelutilizes
Tikhonov regularization, which biases each local solution
towardsa stableglobal solution [12].

The stable global solution is the least squaressolution
âglob;j (j = 1; 2; 3) given by (5). Then, the local Tikhonov-
regularizedsolution is

âloc k;j = âglob;j +
�
X T

k X k + � k I
� � 1

X T
k (� k ;j � X k âglob;j )

j = 1; 2; 3 k = 1; : : : ; K ; (6)

whereI is an appropriatelysizedidentity matrix, andX k and
� k ;j arede�ned analogousasX and� j in (4), exceptusing
only the elementsof the k th cluster. Additionally, � k is the
regularizationparameterfor thek th cluster, wherelargervalues
of � k biasthe local solutionmoretowardstheglobalsolution.
Intuitively, clusterswith a lower number of elementsneed
more guidancefrom the global solution. Thus, our selection
is � k is

� k �
num. elementsoverall

num. elementsin kth cluster
: (7)

As thenumberof elementsin thek th clusterdecreases,̂aloc k;j

movescloserto âglob;j .
Nearregionboundaries,thedifferentpiecewisemodelsneed

to be smoothlymerged togetherto avoid visually unpleasant
boundaryartifacts.We proposea merging techniquein which
all K local modelsexert somein�uence at eachpoint of image

space,but a local model's in�uence diminishesrapidly asthe
distanceincreasesfrom the clustercentroid.Speci�cally, the
mergedmodelat point (xq; yq) is

âmer;j (xq; yq) =
KX

k=1

� k (xq; yq) âloc k;j

� k (xq; yq) =
jj (xq; yq) � (xcenk ; ycenk ) jj � 1

P K
k 0=1 jj (xq; yq) � (xcenk 0; ycenk 0) jj � 1

j = 1; 2; 3; (8)

where (xcenk ; ycenk ) is the centroid of the k th cluster. Near
a cluster centroid, the merged model becomeseffectively
that cluster's local model. Betweenneighboringclusters,the
mergedmodel is an averageof thoseclusters' local models.

IV. EXPERIMENTAL RESULTS

Applying the color restorationsystem describedin Sec.
II along with the models introduced in Sec. III, the color
appearanceof queryimagescanbesigni�cantly improved.On
thecameraside,photosof 50 differentCD coversweretaken,
and eachquery image has resolutionof 2592� 1944 pixels.
Unevenilluminationandcameraglarecanbeobservedin most
of the queryphotos.Most queryCD covers differ noticeably
in color appearancefrom their clean databaseversions,as
seenin the �rst two columnsof Fig. 5. On the databaseside,
10,000cleanCD covers are stored,and eachdatabaseimage
hasresolutionof 500� 500pixels.Resultsreportedherearefor
color restorationin RGBspace,but similar resultsareobtained
for color restorationin CIELAB space.For the piecewise
linear model, the centroidsof the four quadrantsof the CD
cover areusedfor the initialization of the k-meansalgorithm.

A. Image Matching Accuracy

Query and databaseSURF featuresare matchedusing the
criteria discussedin Sec. II. The result is that 48 of the 50
queryimagesarecorrectlymatchedto their databaseversions.
SURFfeaturesarerobust against the challengingphotometric
andgeometricdistortionsencounteredin the query images.

B. Visual Color Improvements

The restoredimagesare much closer in color appearance
to the databaseimagesthan the unprocessedquery images.
Fig. 5 shows four sets of images, each set consisting of
the unprocessedquery image, the clean databaseimage, the
linearly restoredimage, and the piecewise linearly restored
image.Both modelsperformwell at shifting the querycolors
towards the referencedatabasecolors. The piecewise linear
model is able to make morepreciselocal adjustments.

C. MSEReductions

Improvementsfrom color restorationcanalsobe quanti�ed
using an objective mean squarederror (MSE) metric. To
measureMSE betweenquery and databaseCD covers, the
geometricdistortionbetweenthemmust�rst be removed.We
projecteachquerycover into a recti�ed 500 x 500 squareso
thatit canbedirectlycomparedagainstthedatabasecover. 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 (j) Norm. MSE = 0.22 (n) Norm. MSE = 0.21

(c) Norm. MSE = 1.00 (g) Norm. MSE = 0.00 (k) Norm. MSE = 0.22 (o) Norm. MSE = 0.21

(d) Norm. MSE = 1.00 (h) Norm. MSE = 0.00 (l) Norm. MSE = 0.16 (p) Norm. MSE = 0.13

Fig. 5. (a-d) Unprocessedquery images.(e-h) Databaseimages.(i-l) Restorationwith linear model.(m-p) Restorationwith piecewise linear model.

projection usesa perspective transformationcalculatedfrom
the�ltered featurekeypointsfrom Sec.II-B. Imageregistration
by integer-pel shifting over a small searchrangeof [-10,10]
is alsoappliedto reducemisalignmentafter projection.

BecausetheMSE �uctuatesfrom oneimageto thenext due
to changinglighting conditions,eachMSE reportedhere is
normalizedby the MSE betweenthe (projected)unprocessed
query cover and the databasecover. The normalizedMSE of
theunprocessedquerycover is alwaysunity. If thenormalized
MSEof thecolor-correctedquerycover fallsbelow unity, color
restorationhassuccessfullyreducedthe MSE.

Labelsundertheimagesin Fig. 5 show thenormalizedMSE
values.All four setsshow signi�cant reductionsin MSE after
color restoration,asmuchas87 percent.TableI lists themean
normalizedMSE values,averagedover all 48 query covers

TABLE I
MEAN NORMALIZED MSE VALUES FOR QUERY CD COVERS.

Method MeanNormalizedMSE

Unprocessed 1.000
Linear 0.330

Piecewise Linear 0.327

thatarecorrectlymatched.Piecewiselinearrestorationslightly
outperformslinear restoration.

D. Model Comparison

As shown in Sec.IV-B and IV-C, the linear andpiecewise
linearmodelsarebotheffective at reducingcolor distortionin
the query images.Both modelsare accurateapproximations



TABLE II
AVERAGE TRANSMISSION COSTS FOR COMPRESSED DATA .

Quantity AverageSize(Kilobytes)

Query Image(2592x 1944) 660
DatabaseImage(500 x 500) 59

FeatureSet 11
CMF SampleSet 1
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Fig. 6. (a-c) True CMF. (d-f) Linear model CMF. (g-i) Piecewise linear
modelCMF. Test imagescomefrom third row of Fig. 5.

of the true CMF. Fig. 6 plots the true CMF andmodelCMFs
for the test imagesin the third row of Fig. 5. The large scale
variationsof the true CMF acrossimagespaceareaccurately
capturedby both models.Also, as designed,the piecewise
linear modelcanbetteradaptto theselocal variations.

E. TransmissionCosts

Transmissioncosts over the network for image retrieval
and color restorationare low comparedto the transmission
costsfor compressedimages,asshown in TableII. Imagesare
compressedat mediumquality using JPEG.Featuresetsare
transformedby KLT, scalarquantized,andentropy coded,and
a compressedbitstreamis sentfrom the camerato the server.
In response,the server sendsback the keypoint locationsfor
featureswhich passthe ratio testandGCC andthe associated
pixel values.

F. Complexity Analysis

The complexity of the color restorationalgorithm is de-
pendenton the number of featuresN f that pass the ratio

test and GCC. Sampling the color differencesin (1) is an
O (N f ) operation.Calculatinga least-squaresmodelfrom the
N f color differencesampleshasO

�
N 3

f

�
complexity because

matrix inversion and multiplication are required in (5) and
(6). Finally, color-correctingthe query image in (2) requires
O (Np) complexity, whereNp is the numberof pixels.

V. CONCLUSION

This paper has presentedan effective color restoration
systemfor correcting photometricdistortions in any query
image.The systemaccuratelyusesrobust featuresto retrieve
a matching databaseimage that serves as color reference,
even when geometricand photometricdistortions exist be-
tweencommonobjectsin the queryanddatabaseimages.By
ef�ciently reusingthe featurekeypoints to samplethe color
differencesbetweenquery and databaseimages,the photo-
metric distortion can be reliably estimatedand diminished.
Restoredquery imagesshow signi�cant color improvements,
both subjectively andobjectively. Transmissioncostsfor both
retrieval andcolor restorationarefairly low, andtheproposed
methodcanbeeasilyintegratedinto any existing feature-based
technologies.Feature-basedcolor samplingalsohasa broader
applicationfor comparingtwo imageswhosecorresponding
pixels arenot collocated.
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