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Abstract

Radiometricvariations betweeninput images can seri-
ously deggrade the performanceof steeo matding algo-
rithms. In this situation,mutualinformationis a very pop-
ular and powerfulmeasue which can nd anyglobalrela-
tionshipof intensitiesbetweertwo inputimagestakenfrom
unknownsources. The mutualinformation-basednethod,
however, is still ambiguousor erroneousas regards local
radiometric variations, since it only accountsfor global
variation betweerimages,and doesnot containspatialin-
formationproperly In this paper we presenta new method
basedon mutualinformationcombinedwith SIFT descrip-
tor to nd correspondencéor images which undego lo-
cal aswell asglobal radiometricvariations. e transform
theinput color imagesto log-chromaticitycolor spacefrom
which a linear relationshipcan be established.To incor-
poratespatialinformationin mutualinformation,weutilize
the SIFT descriptorwhich includesnearpixel gradienthis-
togramto constructa joint probability in log-chromaticity
color space By combininghemutualinformationasan ap-
pearancemeasue and the SIFT descriptoras a geometric
measue, wedevisea robustandaccuratesteeosystemEx-
perimentalresultsshowthat our methodis superiorto the
state-of-theart algorithmsincluding corventional mutual
information-basednethodsand window correlation meth-
odsundervariousradiometricchanges.

1. Intr oduction

The performanceof stereoalgorithmsdependson the
choice of matchingcost. For imagestaken from radio-
metrically calibratedcircumstancescorrespondingpixels
shouldhave similarintensityvalues.For theseimagessim-
ple matchingcostssuchasabsolutalifferenceof intensities
do not degradethe performanceof stereoalgorithms.In a
real situation,however, imagecolor valuescanbe affected
by radiometricvariationsincluding globalintensitychange
(causedby cameragain and exposureor gammacorrec-
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tion variation)andlocal intensity change(causedy vary-
ing light, vignettingandnon-Lambertiarsurface)andnoise
[7]. Thesevariationsoften occurin generaland practical
settingsand seriouslydegradethe performanceof stereo.
Therefore,robust matchingmethodsto theseradiometric
variationsaredemandedndbecomeinevitablefor various
applicationssuchasthe generalmulti-view stereo(for ex-

ample,PhotoDurism[14], PhotoModelef?2], etc.) andthe
stereomatchingof aerialimages.

For this problem ,mutualinformation(MI) canbeagood
candidateas a matchingcost, sinceit can nd correspon-
dencefor ary globally transformedmagescapturedrom a
wide variety of sensors.Owing to this advantage M| has
beensuccessfullyappliedto variousvision problemssuch
asregistration[16, 12, 13] and stereomatching[4, 9, 6].
Viola and Wells [16] adoptedit to register MR (Magnetic
Resonanceimagesand CT (ComputedTomography)im-
ages.For stereomatching,Egnal[4] usedit to nd thedis-
parity amongthelocal matchingwindows. It suffers, how-
ever, from the x edwindow problemat low-texture region
anddiscontinuitiesTo resoleit, Kim etal. [9] suggestea
pixel-wise datacostbasedon Ml in a global enegy min-
imization framavork. They approximatedthe Ml of the
whole imagesasa sumof pixel-wise M| usingthe Taylor
expansionandthe Parzenwindow technigue Hirschmuller
[6] improvedthe work of [9] to handlethe occlusionin a
semi-globakenegy framework. Zitnick etal. [18] usedap-
proximative segment-wiseMI for stereomatching. They
de ned a matchingfunction by creatingthe histogramof
theratiosof thecorrespondingixel intensityvaluesin case
thegaindifferenceof cameraslominates.

Fromtherecentevaluationof variousmatchingcosty 7],
however, it is shovn that Ml is weak at local radiometric
variations thoughit is the bestmeasuret globalvariation.
HirschmullerandScharsteirj 7] evaluatedthe performance
andinsensitvity of widely usedmatchingcostswith respect
to variousradiometricvariations. They found that noneof
thematchingcostsareveryrobustto stronglocalvariations.
Heoetal. [5] suggestednAdaptive NormalizedCrossCor-
relation(ANCC) measurehatcanhandlelocal variationas
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Figurel. (a)and(b) arethe left andright imagestaken by differentcameraexposures.(c) Disparity map of sterecimage(a) and (b)
usingconventionalMI-basedmethod.(d) Joint pdf correspondingo (c). (e) and(f) aretheleft andright imagestaken by differentlight
con gurations.(g) Disparitymapof stereamage(e) and(f) usingcorventionalMI-basedmethod.(h) Jointpdf correspondingo (g).

well asglobalone. ANCC is, however, still weakatcamera
exposurevariations.

Ontheotherhand,mostcorventionalMI-basedmethods
useonly pixel brightnessstatistics,andignorerich spatial
informationto nd correspondencdo increaseobustness
andaccurag, spatialinformationcanbe naturallyincorpo-
rated. Pluim etal. [12] combinedMI with the gradientin-
formationfor registrationof medicalimagedy multiplying
the MI with a gradientweight that accountedor gradient
magnitudeandorientationof the matchingpixel. Russakff
etal. [13] suggestea regional mutualinformationto take
the region informationinto accountin Ml, and appliedit
to medicalimageregistration. Jeonet al. [8] suggeste&
MiI-basedocaldescriptiormethodto nd globalcorrespon-
dencebetweertwo images.

In this paper we proposea newv stereomatchingal-
gorithm that is basedon MI combinedwith SIFT de-
scriptor[11] to copewith the two problems;weaknessn
local radiometricvariationsand lack of spatial informa-
tion. Our methodcan nd correspondencanderlocal as
well as global radiometric variationsby emplgying log-
chromaticitycolor space. To incorporatespatialinforma-
tion, we utilize the SIFT descriptor[11] in constructinghe
joint probability. Finally, we alsocombineMI asanappear
ancemeasureand SIFT descriptordistanceasa geometric
measuren our datacostto make it furtheraccurateandro-
bust.

2. Mutual Information asa Stereo Correspon-
denceMeasurein MAP-MRF Framework

In MAP-MRF framework, the disparitymap canbe
foundby minimizing thefollowing enegy

1)

wherethe dataenegy andthesmoothnesenegy
arede ned by

2

where is the neighborhoodpixels of the pixel

is thedatacostthatencodegshe penaltyfor the dis-

(@) ) @ (h)

similarity of two correspondingixels and
in the left image  andtheright image , respectiely.
is the smoothnesgost that penalizesthe dis-
continuity of disparitieshetweemeighboringpixels.
Mutualinformationcanbeusedasadatacostby de ning

®3)
since maximization of mutual information implies min-
imization of the data cost. Given a disparity map
betweertheleft andright imagesis de ned

by

(4)

where is the entropy of image , and is
the joint entropy of images and . Entropy andjoint
entropy arede ned by

5)

respectiely. is the maminal probability of intensity
. Jointprobability is computedby countingthe
numberof correspondingixelsbetweerintensity in the

left imageand in therightimageby warpingthe dispar
ity. canberepresentetly

(6)
where  isoneif thearguments true,zerootherwise.

is thetotal numberof correspondingixelsin theimages.
Since(4) is themutualinformationof thewholeimages,
and , it is dif cult to useit asa datacostin anen-
ergy minimization framewvork. To useit asa datacost,
Kim etal. [9] approximatedhe whole mutualinformation
asthe sum of the pixel-wise mutualinfor-

mation asfollows.

(7)

Hence,from (2), (3) and(7), the pixel-wise datacostbe-
comesnegative of the pixel-wisemutualinformationas

(8)



To computepixel-wise mutual information, Kim et al.
assumedhat and are nearly constantand

only approximatedhejoint entrogy asfollows.
©)

where is a pixel-wisejoint entropy thatis de ned by
(10)
where is a 2D Gaussiarfunction and is a

joint probability distribution usingthe disparitymap  es-
timatedfrom the previous iteration. Then the pixel-wise
mutualinformationis representetly

(11)

where isaconstanwalue.
To take occlusioninto account,Hirschmuller[6] mod-
i ed thework of [9] by consideringthe maminal entropy
term explicitly which was assumedonstantin [9].
is alsoapproximatedisa sumof pixel-wisemamginal
entropy asfollows.

(12)
where is a pixel-wisemaminal entropy thatis de ned
by

(13)
where is 1D Gaussiarfunctionand is com-
putedby marginalizingthejoint probability asfol-
lows.

(14)

Consequentlypixel-wisemutualinformationis de ned by

(15)

Thereare two problemsin the corventionalMI-based
methodsdescribedabove. First, they cannothandlethe
local radiometricvariationscausedby light con guration
change becausehey collect correspondenceis the joint

probability assuminghat thereis a global transformation.
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Figure2. Overview of theproposedlgorithm

Fig. 1 (a)and(b) shov anexampleof aglobalvariationow-
ing to exposurechangeln this casecorventionalMI-based
methodgproducerelatively gooddisparitymapasshovnin
Fig. 1 (c). The correspondingoint probability (Fig. 1 (d))
clearlyshavsthatthereis aglobalnonlineartransformation
betweerimages.

However, whenthereexist localradiometricvariationsn
imagesowing to thelight con gurationchangeasshovnin
Fig. 1 (e) and(f), the corventionalMI-basedmethodsfail
to give reliableresultsasdepictedin Fig. 1 (g). Notethat
ascanbeseenin Fig. 1 (h), in this case the shapeof the
correspondingpint probabilityis very sparsewhich means
thattheglobalrelationshipbetweertheinputimagescannot
befound. Secondthey do not encodespatialinformation,
andonly gathercorrespondingntensitiesin thenormalized
joint probability given an estimateddisparity map. If the
disparityis not correct,the joint probability tendsto bein-
correct.

In this work, we proposea new algorithmthatcancope
with thesetwo problems.Our approachis describedn de-
tail in thefollowing section.

3. ProposedAlgorithm

The whole procedureof the proposedalgorithmis de-
pictedin Fig 2. First, we transformtheinput colorimages
to log-chromaticitycolor spacein orderto dealwith local
aswell asglobalradiometricvariations.In this color space,
linearrelationshipbetweencorrespondingolor valuescan
be established. To incorporatespatialinformationin our
framework, similarly to [12] we usethe gradientinforma-
tion nearthe pixel. Insteadof usingonly centerixel gradi-
entinformation[17], we usea broadergradienthistogram
from the SIFT descriptor[11]. We computethe SIFT de-
scriptorfor bothintensityandlog-chromaticitycolor space.
From the disparity map estimatedin the previous itera-
tion, we computethejoint probability. At this stageto in-
cludethe spatialgradientinformation, the joint probability
is weightedby the distanceof the SIFT descriptor Mutual



informationis computedby meansof the joint probability.
Finally the disparity mapis computedcombiningthe Ml
andthe SIFT distanceas our datacostin the MAP-MRF
framawork, andthis disparitymapis usedto nd thejoint
probabilityiteratively.

3.1 Transformation to log-chromaticity color space
and discretization

As a rst step,we transformthe input colorimage to
thelog-chromaticitycolorimage [5]. Asin [5], thecolor
modelis de ned by

(16)

wherewe assumeéhattheoriginal -channeimage at
pixel ischangedo by variousunknowvn radiometric
variations,and is the brightnesdactorfor the pixel ,

istheilluminantcolorfactor and isthegammecorrec-
tion factor

After transformingthe obsenedinputimage into
the log-chromaticity color space,we can obtain ,
which canbe formulatedasthe following linear equation.

(17)

where and areconstanfor eachchannel and

is aninvariantcolorvaluefor pixel underradiometricvari-

ations. Log-chromaticitycolor spaceis usedto establish
a linear relationshipbetweencolor valuesof input images
thatareaffectedby unknaovn radiometricvariations.Fig. 3

shavs someexamplesof thelinearrelationshipin thejoint

probabilityin the log-chromaticitycolor spacefor the two

imagesn Fig. 1 (a) and(b).

Since pixel valuesin the transformedimage  have
oating pointnumberswe mustremapthosevaluesto inte-
gerdomainto make ajoint probability. For thatpurposewe
multiply by scalefactor androundit off to getintegerval-
ues.In our experimentwe set as1000. The nal sizeof
thejoint probability matrix is determinedy the maximum
betweenthe left maximuminteger value andthe
right maximuminteger value . This procesgoes
not affect the linearity betweenthe two log-chromaticity
colorimages.

3.2 Joint probability using SIFT descriptor

A joint probability is computedat eachchannelinde-
pendentlyby useof the estimateddisparity map from the
previousiteration. In this case wrong disparitycaninduce
anincorrectjoint probability. To preventthis problem,we
incorporatethe spatialinformationin the joint probability
computationstep. For spatialinformation, we adoptthe
SIFT descriptowhichis robustandaccuratelydepictdocal
gradientinformation. The SIFT descriptoris computedor
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Figure 3. Linear relationshipin joint probability From left to
right, R,G,B channeljoint probability in log-chromaticitycolor
space

every pixel in thelog-chromaticitycolor space Thoughthe
left image andthe right image have different

and valuesthe SIFT descriptordistancebetweercorre-
spondingpixelsis unafectedby this difference sincecom-
putinggradienteliminates  andthehistogranmormaliza-
tion stepnormalizes duringthe SIFT descriptorcomputa-
tion step. Then, -channelSIFT-weightedjoint probability

is de ned by

(18)
where isanormalizationconstantind isde ned
by

(19)
where s the Euclideandistance, and

arethe SIFT descriptorsfor the pixel in theleft -

channelmageandthepixel intheright -channelm-
age,respectiely, in thelog-chromaticitycolor spaceand
isthe SIFT descriptorsize. Therefore, is
governedby theconstrainthatcorrespondingixelsshould
have similar gradientstructures.

3.3 Disparity map estimationin MAP-MRF

From our SIFT-weightedjoint probability in (18), the
mauginal probabilitiesfor the left andright -channelim-
agescan be computedusing (14). Then the pixel-wise
maminal entropies , and the
pixel-wise joint entropy can be
computeddy (13) and(10), respectiely. Consequentlythe
pixel-wisemutualinformation is computedrom
(15) for each -channelasfollows.

(20)
To increaseobustnesssimilarly to [15, 10], we alsoutilize
thelocal descriptorsuchas SIFT in our datacost. Finally,



we de ne our datacost asfollows:

(21)
where is aweightingconstantand and are
de ned asfollows:

(22)
where is aconstanvalue.

(23)
where isthel1 norm, and arethe
SIFT descriptorsfor the pixel in theleft -channelim-
ageandthe pixel in theright -channelimage,re-
spectvely, in the log-chromaticitycolor space, and

aretheSIFT descriptordor thepixel intheleft
gray (intensity)imageandthe pixel in theright gray

(intensity)image,respectrely, and is the SIFT descriptor
size.

Note that our datacost
mutualinformation asan appearanceneasureand
SIFT descriptordistance asa geometricmeasure,
and both are quite robust to linear transformationestab-
lishedin log-chromaticitycolor. At this stage,the SIFT
descriptordistanceis computedfor both log-chromaticity
color spaceandintensityspaceto fully utilize the colorin-
formation.

For the smoothnesgost, we usea truncatedquadratic
costde ned by

consistsof two terms;

(24)

Thetotal enepgy (1) is minimizedby the Graph-cutexpan-
sionalgorithm[3].

4. Experimental Results

To evaluateour methodfor various radiometricvaria-
tions, similarly to [7, 5], we usedthe four datasetswith
groundtruth disparitymapsincludingAloe, Moebius,Dolls
andArt [1]. Eachdatasethasthreedifferentcameraexpo-
suresandthreedifferentcon gurationsof the light source
[1, 7]. The exposureis indexed from 0 to 2, andindex 0O
indicatesthe shortestexposure(darkest), while index 2 is
the longestexposure(brightest). Light sourcecon gura-
tion is indexed from 1 to 3, and eachindex hasdifferent
light con guration. For theinputimagesfor example,“L,
illum(1)-exp(0)" meansthat “the left imagewith the light
con gurationindex 1 andthe exposureindex 0”. We eval-
uatedour methodwith othermatchingcostsincluding BT

with Ranktransformatior{Rank/BT)[17], BT with LoG I-
tering (LoG/BT), mutualinformation(Ml) [6], Normalized
CrossCaorrelation(NCC) and Adaptive NormalizedCross
Correlation(ANCC) [5]. For all matchingcostsenegy was
minimizedby the Graph-cutsxpansioralgorithm [3]. The
parametersf eachmethodweretunedindividually to pro-
duceoptimalresultsusingimagewithout radiometricvari-
ationsimilarly to [7]. Theparametersf our methodareset
constantsfollows: Thestd.dev  of theGaussiariunction
in (13)and(10)is , , thewin-
dow sizeof the SIFT descriptoris . .

and . The total runningtime of our methodfor
mostimagesdoesnot exceed8 minutes. For example,for
Aloe image(size: , disparityrange: 0-70),it is
about6 minuteson a PCwith PENTIUM-42.4GHzCPU.

4.1 Ml vs. SIFT

In Fig. 4, we comparedheresultsusingonly Ml (
termin (21)), usingonly SIFT ( termin (21)) andus-
ing MI combinedwith SIFT ( in (21)) in our frame-
work. NotethatMI andSIFT play complementaryolesto
eachother, sinceMI is anappearanceneasurewhile SIFT
senesasa geometricmeasure.The Ml term only suffers
from thediscretizatiorerrordueto the oating-point values
of log-chromaticitycolor during the constructionof joint
probability. In this case SIFT helpsto nd correctmatches
andboostsaccurateconvergenceof MI. Onthe otherhand,
SIFT termonly is weakon texturelesgegionsandblursthe
boundariesln theseregions, pixel-wiseMI helpsit to nd
correctmatchesTherefore pothtermsarenecessaryo get
moreaccurateandrobustresults.

4.2 Different exposures

To evaluatethe effects of exposurechangeswe only
changedheindex of exposurewhile xing theindex of the
light con gurationto 1. Fig. 5 (f)-(j) shov thecomparison
of the performanceof variousmatchingcostsfor the input
imagesin Fig. 5 (a)-(b). Similarly, Fig. 6 (f)-(j) arethe
resultsfor inputimagesin Fig. 6 (a)-(b)andFig. 7 (f)-(j)
aretheresultsfor inputimagesn Fig. 7 (a)-(b).Fig. 8 (a)-
(d) shaw the errorratio for the unoccludedegion of each
methodfor the left/right combinationof exposurechanges.
Exposurechangescausea global transformationbetween
input images. Most methodsstill shav stableresultsto
someextent,exceptfor LoG/BT. Our methodproduceshe
moststableandaccurateesultsagainstheseglobal varia-
tions.

4.3, Different con gurations of the light source

To evaluatetheeffectsof thelight con gurationchanges,
we only changedhe index of thelight con gurationwhile
xing theindex of theexposureto 1. Fig. 5 (k)-(0) shav the



CY (b) (©) (d)
Figure4. (a)-(c)areresultsfor Aloe steredmage(L, illum(1)-exp(1) andR, illum(3)-exp(1))in Fig. 5 (c)-(d). (d)-(f) areresultsfor Dolls
stereamage(L, illum(1)-exp(1l) andR, illum(3)-exp(1)) in Fig. 7 (c)-(d). (&) usingonly MI (error: 17.6%). (b) usingonly SIFT (error:
11.97%). (c) usingMI combinedwith SIFT (error: 9.27%). (d) usingonly Ml (error: 26.45%). (e) usingonly SIFT (error: 17.87%).

®

(f) usingMI combinedwith SIFT (error: 11.83%).

comparisorof the performanceof variousmatchingcosts
for inputimagesin Fig. 5 (c)-(d). Similarly, Fig. 6 (k)-(0)

arethe resultsfor inputimagesin Fig. 6 (c)-(d) andFig.

7 (k)-(0) aretheresultsfor inputimagesin Fig. 7 (c)-(d).

Fig. 8 (e)-(h)show theerrorratio for theunoccludedegion

of eachmethodfor the combinationof the left/right light

con guration changes.In general differentcon gurations
of thelight sourcecausedifferentlocal variationsin thein-

putimages,andthis is a moredif cult factorin establish-
ing correspondencebanthe exposurechange.Ml showvs

very sensitve resultsto the local variation,sincethe global
variationassumptions no longervalid. Notethatthelocal

correlation-base@nd lItering-based methodsshav better
resultsthan MIl. Thosemethodshowever, fail in extreme
light-varying regions. Our methodis still accurateandro-

bustfor theselocal variations.

5. Conclusion

In this paper we proposea new stereomatchingalgo-
rithm basedon mutual information (MI) combinedwith
SIFT descriptor Our methodutilizes MI asan appearance
measureand SIFT as a geometriccue. By transforming
originalcolorsinto thelog-chromaticitycolorspaceMI can
establisirobustandaccurateorrespondenderespectve of
ary radiometricvariations. To imposespatialinformation,
theSIFT descriptoiis employedin boththejoint probability
constructioranddatacostcomputatiorstages Experimen-
tal resultsdemonstratéhat our proposedalgorithmis quite
robust and accurateto local aswell asglobal radiometric
variations.
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(@)L, illum(1)-exp(0) (b) R, illum(1)-exp(2) (c) L, illum(1)-exp(1) (d) R, illum(3)-exp(1) (e) Groundtruth

(f) Rank/BT (g) NCC (h) ANCC @) MI (j) Proposednethod

(k) Rank/BT (h NCC (m) ANCC (n) MI (o) Proposednethod
Figure5. Resultsof teststereomatchingcostson Aloe imagepair with varying cameraexposureandlight con gurations. (f) - (j) arethe
resultsfrom theimagepair (a) and(b). (k) - (0) aretheresultsfrom theimagepair (c) and(d). (e) is thegroundtruth disparitymap.

(@)L, illum(1)-exp(0) (b) R, illum(1)-exp(2) (c) L, illum(1)-exp(1) (d) R, illum(3)-exp(1) (e) Groundtruth
() Rank/BT (g) NCC (h) ANCC @) MI (j) Proposednethod
(k) Rank/BT (h NCC (m) ANCC (n) MI (o) Proposednethod

Figure6. Resultsof teststereomatchingcostson Moebiusimagepair with varying camerasxposureandlight con gurations. (f) - (j) are
theresultsfrom theimagepair (a) and(b). (K) - (0) aretheresultsfrom theimagepair (c) and(d). (e) is the groundtruth disparitymap.
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Figure7. Resultsof teststereamatchingcostson Dolls imagepair with varyingcameraexposureandlight con gurations.(f) - (j) arethe
resultsfrom theimagepair (a) and(b). (k) - (0) aretheresultsfrom theimagepair (c) and(d). (e) is thegroundtruth disparitymap.
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