
Mesostructure fr om Specularity

TongboChen
MPI Informatik

MichaelGoesele
Universityof Washington

Hans-PeterSeidel
MPI Informatik

Abstract

We describea simple and robust methodfor surface
mesostructure acquisition. Our methodbuilds on the ob-
servationthat specularre�ection is a reliable visual cue
for surfacemesostructure perception. In contrast to most
photometricstereo methods,which take specularitiesas
outliers and discard them, we proposea progressiveac-
quisition systemthat capturesa densespecularity�eld as
theonly informationfor mesostructure reconstruction.Our
methodcanef�ciently recover surfaceswith �ne-scalegeo-
metricdetailsfromcomplex real-worldobjectswith a wide
variety of re�ection properties,including translucent,low
albedo,andhighly specularobjects.We showresultsfor a
varietyof objectsincludinghumanskin,dried apricot, or-
ange, jelly candy, black leatheranddarkchocolate.

1 Intr oduction

Thevisualappearanceof areal-world objectis governed
by re�ectanceproperties,illumination condition,anda hi-
erarchy of geometriccomponents.In the geometrichier-
archy, thereare basically threedifferent levels of scales,
namely, the macrostructurelevel, the mesostructurelevel,
andthemicrostructurelevel. Themacrostructurelevel rep-
resentsthe grosssurfacegeometry, typically expressedas
a polygonalmeshor parametricspline surface. The mi-
crostructurelevel involvessurfacemicrofacetsthat arevi-
suallyindistinguishable.Themesostructurelevel represents
geometricdetailsthat arerelatively small but still individ-
ually visible suchas bumpsor dentson a surface. Ef�-
cient mesostructurereconstructionmethodscancontribute
greatly to high-quality graphicsmodelsin termsof �ne-
scalesurfacegeometricdetails. An accurateand explicit
mesostructuremodelcanalsobene�t relatedmesostructure
modelingtechniquessuchas BTFs (BidirectionalTexture
Functions)[4, 20].

Stateof the art high-resolution3D scanningmethods
include [22, 5, 1, 15]. Photometricstereomethodscan
achieve high-resolutionsurface reconstructionwith inex-
pensive setup[40, 27, 10, 9, 26, 41]. Existing techniques
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Figure 1. Mesostructure reconstruction of or-
ange skin. (a-d) Four cropped input images.
(e) Recovered normal �eld (RGB-encoded).
(f) Filtered normal �eld [35]. (g) Rendering of
the normal �eld using Ward's isotr opic BRDF
model [14]. (h) Reconstructed 3D surface
rendered at a novel viewpoint.

are,however, rarelyableto capturethe�ne-scaledetailsof
real-world objectswith translucency or highly specularre-
�ection, suchasskin, roughfruit skin,etc.

By drawing inspirationfrom photographsof real-world
translucentobjectsandfrom theliteratureon humanvision
andperception[6, 24, 34, 7], we foundthatspecularhigh-
lightsareanimportantvisualcuefor surfacemesostructure
perceptionanda reliablevisual informationfor surfacede-
tail representation.In Figure1, the�rst row shows four im-
agesof apieceof orangeskinunderchangingillumination.
Thesmallbumpsontheorangeskinintroducerichvisualef-
fectsandcanbeef�ciently revealedby specularhighlights
(seeFigures5, 6, 8, 7 for moreexamples).Basedon this
observation, we developeda simple and progressive sys-
temthatusesspecularhighlightsin orderto solve thedense
mesostructurereconstructionproblemfor a varietyof real-



world complex objects,whichpossessasigni�cant specular
re�ection component.Our methodis largely independent
of theunderlyingre�ectancemodel,andcanthereforesuc-
cessfullyhandleobjectswith complex re�ectancethathave
previouslybeenchallenging.

To summarizeour contributions: (1) We simplify the
problemof mesostructurereconstructionfrom complex ob-
jects, e.g., objectswith translucency, or high specularity,
which hasup to now beenexpensive or even impossibleto
solve. (2) We usea densespecularity�eld asthe only re-
liable visual informationfor mesostructurereconstruction.
(3) Wedevelopedasimpleincrementalandvery�e xible ac-
quisitionsystem.(4) We acquiredhigh-qualitymesostruc-
ture, for a variety of real-world objectsincluding human
skin, dried apricot,orangeskin, jelly candy, black leather,
anddarkchocolate.

1.1 Ov erview

The remainderof this paper is organizedas follows.
Relatedwork on surfacemesostructurereconstructionand
shape-from-specularityis discussedin Section2. Section
3 describesour acquisitionsystemand the mesostructure
reconstructionmethodin detail. Extensive experimental
resultson mesostructurereconstructionfor complex real-
world objectsare shown in Section4. We concludeand
discusspossibleextensionsin Section5.

2 RelatedWork

Surface mesostructureis one of the key components
of 3D texture [12]. It contributes strongly to the com-
plex surfaceappearanceof real-world objects.Onemethod
for modelingandrenderingmesostructureis throughBTFs
(Bidirectional Texture Functions) [4], which can be re-
gardedas a mappingfrom the 4D spaceof lighting and
viewing directionsto thespaceof 2D images.Most previ-
ouswork on BTFsaimsat capturingappearancedatafrom
naturalmaterialsandat ef�cient representation.Müller et
al. [20] gives a comprehensive report on the stateof the
art of BTFs techniques.Liu et al. [16] useda shape-from-
shadingmethodto recover approximate3D geometryof
surfacedetails from a BTF dataset. In [23], Neubecket
al. proposeda methodfor 3D texture reconstructionfrom
extensive BTF data,with only a few and ratherweak as-
sumptionsabout re�ectance and geometry. The recon-
structedmesostructurecan be usedfor the simpli�cation
of theBTF-basedtexturedescriptionandef�cient compres-
sionof a BTF dataset.Evenfor themostadvancedandex-
pensive laserscanningsystems,mesostructurereconstruc-
tion of highly specularor translucentobjectsis still a dif-
�cult problem. Most of the scanningtechnologiesbased
on structuredlighting basedwill alsofail in reconstructing

�ne-scaledetailsfor verylow albedo,translucent,or highly-
specularsurfaces[22, 5]. To dealwith highly-specularsur-
face,WangandDana[37]presenteda methodthat cansi-
multaneouslycapture�ne-scalesurfaceshapeandspatially
varying BTFs by usinga BTF measurementsystem.Sim-
ilar to that work, our methodwill also dependon specu-
lar re�ection. But we extendthe ideato includenot only
highly-specularsurface,but alsovery low albedoglossyor
translucentglossymaterials.Insteadof usingacomplicated
BTF measurementsystem,we developeda simple, �e xi-
ble and progressive acquisitionsystem. In [42], Yu and
Changintroducedshadow graphsfor 3D texturereconstruc-
tion. They show thattheshadow graphaloneis suf�cient to
solve the shape-from-shadow problemfrom a densesetof
images.They alsosolvedtheproblemof recoveringheight
�elds from asparsesetof imagesby integratingshadow and
shadingconstraints.However, this methodcannotwork ef-
fectively for objectswhereshadow is no longeranaccurate
information,suchasskinor fruit.

Photometricstereomethods[40, 27] are known to be
ableto capture�ne-scalesurfacedetailsandto provide an
ef�cient alternative to BTF-basedmethods.In [10], Hertz-
mannand Seitz presentedan example-basedphotometric
stereofor shapereconstructionwith generalspatiallyvary-
ing BRDFs. They assumedthat thereareno castshadows,
no interre�ections,andno subsurfacescattering.Goldman
et al. [9] proposeda photometricstereomethodfor itera-
tively recovering shapeandBRDFs. They employed a lo-
cal re�ectancemodel, which cannotproperly accountfor
shadows,interre�ectionsandsubsurfacescattering.In [26],
Patersonetal. developedasimplesystemfor BRDFandge-
ometrycapturing.Theirsystemcanhandleavarietyof real-
world objectsexcepthighly specularor translucentmateri-
als.WuandTang[41] presentedasimpledensephotometric
stereomethod,usingonly amirror sphere,aspotlightanda
DV camera.They achieved surprisinglygoodresultseven
with thepresenceof moderateshadows andspecularhigh-
lights. To our knowledge,photometricstereomethodscan
rarelyrecover dense�ne-scalesurfacedetailsfrom translu-
cent,highly specular, or low albedoglossymaterials.

In [18], MagdaandZickler takeadvantageof Helmholtz
reciprocityandlight �elds to reconstructsurfaceswith ar-
bitrary BRDFs. That methodmakesno assumptionof the
surfaceBRDF andworks effectively for a variety of non-
Lambertiansurfaces(e.g. glossysurface),but not for highly
translucentobjects,wheresubsurfacescatteringdominates.
In our approach,thereis no explicit re�ectancemodelas-
sumed.Weonly exploit thespecularre�ection, which is di-
rectly relatedto surfacegeometry. Shape-from-specularity
is a well-investigated�eld in computervision. In contrast
to most of the photometricstereomethods,wherespecu-
lar highlightsaredetectedandseparatedasoutliers,shape-
from-specularitymethodstry to ef�ciently usethespecular



re�ectancecomponent[25, 28, 29, 30]. Zhengand Mu-
rata[43] developeda specialsystemto acquiregrossshape
from specularmotionby usingcircular-shapedlight source.
Kutulakos and Steger [13] proposedan effective method
for 3D shapereconstructionof refractive andspecularob-
jectsby light-pathtriangulation.In [32] Solemet al. intro-
ducedvariationalanalysisinto shape-from-specularityand
demonstratedthe robustnessof shapereconstructionfrom
sparsespecularitydata. In [17], Lu et al. usedspecularre-
�ections on surfacesto help modelingtangentialhairs or
grooves.

Motivated by the simplicity of existing shape-from-
specularitymethods,we extendthemto reconstructsurface
mesostructure,�ne-scale geometricsurface details, from
objectswith a signi�cant specularcomponentacrossthe
surface.A largesetof real-world objectspossessthis prop-
erty, suchasfruit skin, humanskin, plant leavesetc. Un-
derthedichromaticre�ectancemodel[31, 11], thelight re-
�ected from a surfacecomprisestwo physically different
typesof re�ections,interfaceor surfacere�ection andbody
or subsurfacere�ection. Thebodypartmodelsconventional
mattesurfaces.Interfacere�ection thatmodelshighlights,
is directly relatedto the surface(interfacebetweenobject
andair). We exploit only thespecularre�ectance,andde-
velopeda very simplesystemto capturedensemesostruc-
turefrom complex real-world objects.

3 MesostructureAcquisition

Most mesostructureacquisitionsystemsare extensions
of complicatedandexpensiveBTF acquisitionsystems[37,
38, 23]. In contrast,we proposea simple,progressive, and
�e xible acquisitionsystemfor high-quality mesostructure
recovery. Theusercaninteractively adjustthenumberand
distribution of light sourcepositionswithout being con-
strainedby the mechanicalcapabilitiesof the acquisition
system.

3.1 Acquisition System

Thebasicsetupof themesostructureacquisitionsystem
consistsof a digital cameraand a point light source(see
Figure2). Weuseda12-bit1300� 1030-pixel JenoptikPro-
gResC14digital camerafor imageacquisitionanda5 Watt
LuxeonStarwhite LED aspoint light source.A checker-
board is usedfor cameracalibration [3]. Four specular
spheresare positionedat the four cornersof the checker-
boardto estimatethelight sourceposition.Thesampleob-
ject is placedonasmallsupportat thecenterof thechecker-
board. The camerafacesdownward to the checkerboard
with optical axis perpendicularto the checkerboardplane.
We keep the camera1.5 metersaway from the checker-
board. The mesostructurehasignorablemagnitude,com-

Figure 2. Photograph of the acquisition sys-
tem. The camera captures images while the
LED is moved manuall y. A checkerboar d is
used for geometric calibration. Four specu-
lar spheres are emplo yed for light sour ce es-
timation. The sample object is placed at the
center of the checkerboar d. The camera is
about 1.5 meter s away from the sample . The
light moves roughl y on a vir tual hemisphere
with 1.5-meter radius and points always to-
wards the sample object.

paredto sucha large distance. We also assumethe base
geometryof thesampleobjecthasminutescale,compared
to thedistancebetweenthecameraandtheobject.

During acquisition,we keepthe light sourceabout1.5
metersawayfrom theobject.Thisallowsusto approximate
the LED by a point light source.To keepthe illumination
consistent,we alwayspoint the light to the sampleobject.
We captureone imagefor eachpositionof the point light
source.Usinghistogramthresholding,we canin real-time
extractthespecularre�ection componentof thesampleob-
ject andupdatethespecularity�eld, which keepsthestate
of how muchspecularitydatahasbeencapturedfrom the
sampleobject. Pixels for which a specularpeakwas de-
tectedin at leastoneimagearemarkedred;otherwisethey
aremarked black. During the acquisition,a growing por-



sampleobject numberof input images
blackleather 35
orangeskin 65
jelly candy(piece) 101
jelly candy 102
humanskin 183
driedapricot 188
darkchocolate 196

Table 1. Number s of input images captured
for sample objects used in our experiments.
Even for comple x real-w orld objects, less
than 200 images are suf�cient for high qual-
ity mesostructure reconstruction.

L

V
N

Figure 3. Geometric constraint of specular re-
�ection. At a specular point, the surface nor -
mal N is the bisector between the light vec-
tor L and viewing vector V . In one captured
image, a large set of surface normals can be
reco vered sim ultaneousl y with kno wn light
sour ce and camera positions.

tion of thespecularity�eld will becoloredredandtheuser
canusethis feedbackto move thelight sourcein away that
improvescoverageof thespecularity�eld.

This incrementalre�nement allows �e xible control of
the quality of the resultmesostructure.If the �nal specu-
larity �eld is very dense,the resultingmesostructurewill
bevery accurateandhighly-detailed.On theotherhand,if
only asparsespecularity�eld is captured,thereconstructed
mesostructurewill bedominatedby low frequency features.
In practice, less than 200 input imagescan alreadylead
to a very densespecularity�eld andconsequentlyhighly-
detailedmesostructurefor complex real-world objects(see
Table 1).

3.2 Ligh t Source Estimation

Light sourceestimationfrom imagesisawell-researched
problemin computervision. In our experiments,we use

four specularspheresarrangedin a rectangleon a com-
mon planeto estimatethe light sourceposition. Masselus
et al. [19] usediffusespheresin a similar con�guration for
thispurpose.Thelaw of re�ection yieldsthegeometriccon-
straintthatthespecularnormalN is a bisectorbetweenthe
light sourcedirectionL and the viewing directionV (see
Figure3), i.e.,

V = 2(N T L)N � L: (1)

With the known geometryof the cameraandspheres,and
the detectedspecularpeakson the spheres,we can eas-
ily computethe re�ected light directionsof the spheres
accordingto Equation1. Let the four re�ected rays be
Ri = Oi + D i t i ; i = 0; 1; 2; 3, whereOi andD i arethe
rayorigin andraydirectionrespectively. Sincethereis only
onepoint light source,we canconstructanoverdetermined
linearsystemwith six equationsandfour unknowns.Using
SVD, we cancomputethefour unknownst i ; i = 0; 1; 2; 3,
andthenthelight sourceposition.

3.3 Specularit y Field Construction

Ef�cient and robust separationof diffuse and specular
componentsof surfacere�ection for arbitrary materials–
especiallyfor translucentor refractive materials– is still
an openproblem. Stateof the art techniquesexploit both
polarizationandcolorappearance[36, 33, 21,39].

In experiments,we found that color appearanceis no
longer a reliable cue for specularityisolation, especially
whentranslucentmaterialsareinvolved.Ontheotherhand,
polarizationimagingtechniquesposehighrequirementsfor
progressive andinteractive acquisition.With theseconsid-
erations,we useda simplehistogramthresholdingmethod
to extractthespecularre�ection component.

During theprogressive acquisitionprocess,for eachin-
put image,we constructthe intensityhistogramasin Fig-
ure4. Let H (i ) bethehistogram,wherei representsinten-
sity andH (i ) is the numberof pixels with intensityi in a
speci�c image.Wede�ne histogramgradientas

Gh (i ) = jH (i � 1) � H (i )j: (2)

For a speci�c gradientthresholdTg, we can �nd the as-
sociatedintensity thresholdTi from the histogramH (i ).
Thenthe specularity�eld, indicatingthe positionof spec-
ular re�ection, canbecomputedby thresholdingtheimage
accordingto Ti , i.e., thereis specularityif thepixel valueis
larger thanTi . DenoteF s asthespecularity�eld, which is
de�ned as

F s(x; y) =
�

1; specularhighlightwasobservedat (x; y)
0; otherwise:

(3)
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Figure 4. Specularity separation by his-
togram thresholding. (a) Input image. (b) Ex-
tracted specularity �eld. (c) Input image with
specularity marked. (d) Histogram. With a
user speci�ed histogram gradient threshold
Tg = 10, an intensity threshold Ti = 491 can
be found in the histogram. The specularity
�eld can be computed from the input image
by simple thresholding. Note that diff erent
input images have the same Tg but diff erent
intensity thresholds Ti .

Each pixel (x; y) in the specularity�eld F s will be up-
datedwhile the acquisitionproceeds.The currentstateof
the specularity�eld is displayedfor active control of the
light source.In ourexperiments,lessthan200imageswere
requiredto recover almostcompletespecularity�elds. For
eachpixel, thereareusuallymultipleimagesin whichit was
classi�edasspecular. Weselecttheimagewherethebright-
esthighlight occurredto calculatethenormal. Imageswith
overexposedpixelsareavoidedusingtheexposuresettings
of thecamera.

3.4 Inferring Normal Field

With theknown specularity�eld F s andtheknown light
sourcepositionsfor eachinput image,we caneasilycom-

putethesurfacenormalof eachpixel (x; y) onF s (seeFig-
ure3) yielding a normal�eld F n . In orderto remove noise
from Fn , we �lter it usingtheedge-preservingbilateral�l-
ter [35]. The resultingnormal �eld canbe usedfor direct
renderingof mesostructureby bump mapping[2] or to re-
constructthe 3D mesostructure.To simply convey the re-
constructedmesostructure,we useWard's isotropicBRDF
model[14] to renderthenormal�eld underdirectionalillu-
mination.

3.5 3D Mesostructure Reconstruction

To computeanaccurateheight�eld of thesurfacemeso-
structurefrom theestimatednormal�eld weusethemethod
proposedby Frankot andChellappa[8] which usessurface
smoothnessasanintegrability constraint.

Let p = @z=@x andq = @z=@y bethesurfacegradients
in x andy directionsrespectively. N (x; y) is the normal-
ized surfacenormalat position (x; y), which is relatedto
the partial derivatives @z=@x and @z=@y throughthe for-
mula:

N (x; y) =
g

kgk
(4)

whereg = f @z=@x; @z=@y; 1g. We will referto theequal-
ity of thesecondorderpartialderivativesastheintegrability
constraint,i.e.,

@p
@y

=
@q
@x

(5)

for all positions(x; y) on the supportof the normal �eld.
Thatis, they correspondto asurfacewith secondorderpar-
tial derivatives independentof the orderof differentiation.
Consequently, the surfaceheightat any particularposition
is independentof thepathof integration.

We testedthismethod[8] onall ourexperimentalexam-
plesandgot stableresultseven with a noisy input normal
�eld. To increaseperformancewe computethe integration
throughFourierexpansion.

4 Experimental Results

Previous mesostructurereconstructiontechniqueshave
dif�culties with translucent,highly specular, or low albedo
glossymaterials.Themajoradvantageof ourmethodis that
it canhandlesuccessfullythesekinds of materials. In ex-
periments,we choosea pieceof darkchocolateanda piece
of black leather, both of them have glossyre�ection. To
testtranslucentmaterials,weuseorangeskin,driedapricot,
humanskin, andjelly candy. The resultsdemonstratethat
our methodcaneffectively reconstructsurfacemesostruc-
turefrom complex materials.
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Figure 5. Mesostructure reconstruction of
black leather and dark chocolate . (a, e) Input
images. (b, f) Recovered normal �elds. (c, g)
Renderings of the normal �elds using Ward's
isotr opic BRDF model [14]. (d, h) Recon-
structed 3D models rendered at novel view-
points.

4.1 Very Low Alb edo Glossy Materials

Figure5 showsmesostructurereconstructionsfor apiece
of black leatheranda pieceof darkchocolate.Thechoco-
latehaslargerscalemesostructurethantheleather. Wesuc-
cessfullyrecover thelarge-scaleshapeof thechocolateand
geta relatively smoothsurface.With only 35 input images,
weobtainaccuratelythe�ne-scaledetailsof theleather.

4.2 Translucen t Glossy Materials

Photometricstereotechniquesarecapableof measuring
�ne surfacedetails. Effectively modelingsurfacedetails
of translucentmaterial is, however,still an openproblem.
We capturedfour real-world objectswith variousdegrees
of translucency: orangeskin (Figure1), driedapricot(Fig-
ure 6), humanskin (Figure7), and jelly candy(Figures8
and9).

Oursystemcaneffectively dealwith theorangeskinand
thedriedapricotwhose�ne-scalesurfacedetailsareaccu-
rately recovered. It has, however, somedif�culties with
the jelly candy's boundary, while the innerpartof the jelly
candyis successfullyreconstructed.The reasonfor this is
twofold. One is that the strongcausticsaroundthe jelly
candy's boundarymakesaccuratespecularitydetectiondif-
�cult. Theotherreasonis that therearesomesurfacenor-
malson theboundaryfacingaway from thecamera,which
cannotbe capturedwith the currentsetup. To overcome
thisproblem,weneedadditionalcamerasor captureseveral
views of theobject.

Theskincaseis notoriouslyknown tobedif�cult in com-
puter vision or graphics. The resultsin Figure 7 demon-

(a) (b) (c)

(d) (e) (f)

Figure 6. Mesostructure reconstruction of a
piece of dried apricot. (a-b) Input images. (c)
Recovered normal �eld. (d-f) Reconstructed
surface rendered at diff erent viewpoints.

(a) (b) (c)

(d) (e) (f)

Figure 7. Mesostructure reconstruction of
human skin. (a-c) Input skin images. (d-f) Re-
constructed surface rendered at novel view-
points. Note that the pores and directional
�ne wrinkles are successfull y reconstructed.

stratethe effectivenessof our method. From the render-
ings at different viewpoints, we can clearly seethe well-
reconstructed�ne wrinkles and pores. A promising ex-
tensionis to measuremesostructurefrom general3D skin,
whichcan�nd importantapplicationsin computergraphics.



(a) (b) (c)
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Figure 8. Mesostructure reconstruction of
jell y cand y. (a-b) Input images. (c) Recovered
normal �eld. (d-f) Reconstructed surface ren-
dered at novel viewpoints.

(a) (b) (c) (d)

Figure 9. Mesostructure reconstruction of a
piece of jell y cand y. (a) Input image. (b)
Shape by laser scanner . (c) Shape by laser
scanner after covering the object with Lam-
ber tian powder, whic h is close to ground
truth, but missed some �ne details. (d) Shape
by our method. It is very close to (c) but re-
veals more �ne details.

We also captureda piece of highly translucentjelly
candywith regulargeometricpattern(seeFigure9). In or-
derto compareagainstgroundtruth,wecapturedits surface
structurealsowith aMinoltaVI-910 laserrangescanner. As
expected,the laserscannerhasdif�culties recovering the
shapebecausethe laserlight is scatteredinsidethe object.
Therecoveredpositioninformationis unreliableandthe�-
nalgeometryreconstructionshowsstrongartifacts.Wethen
coveredthe jelly candywith a layer of very �ne and ho-
mogeneouswhite powder in order to make it Lambertian
andperformedanotherlaserrangescan.Ourmesostructure
reconstructioncomparesfavorably against this last scan,

which is theclosestapproximationof groundtruthwewere
ableto capturefor this typeof object.

5 Conclusionand Futur eWork

We presenteda mesostructurereconstructionmethod
that can successfullyhandlecomplex real-world objects.
Themainobservationwebuild ourapproachonis thatspec-
ular re�ection revealseffectively �ne-scale surfacedetails
andyieldsreliablevisual informationfor mesostructurere-
construction. To exploit this observation, we developed
a very simple system,including a camera,an LED light
source,four specularspheres,andacheckerboard.Theuser
can interactively control the light sourceto incrementally
capturethe specularity�eld. The resultingdensespecu-
larity �eld is usedfor mesostructurereconstruction. We
demonstratedtheeffectivenessof ourmethodby ef�ciently
capturingthe mesostructureof a variety of complex real-
world objects,includinghumanskin, driedapricot,orange
skin, jelly candy, blackleather, anddarkchocolate.

In the future,we would like to usemultiple camerasto
capturea completemesostructuremodelof 3D objectwith
complex re�ectanceproperties. Anotherextensionof our
methodis a hybrid reconstructionusingshapefrom specu-
larity whenspecularhighlightsaredetected,andshapefrom
photometricstereofor pixelsbelow thethresholdfor specu-
lar highlights.Usingthereconstructedmesostructureto im-
prove thecompactnessof BTF representationsandto real-
istically renderhighly detailedsurfacesis a furtherresearch
direction.
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