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An On-line Occlusio-Culling Algorithm for Fast Walkthrough
in Urban Areas

�

YusuWang� PankajK. Agarwal� and SarielHar-Peled�

Abstract
We describea fastalgorithm to speedup renderingof scenesfor walkthroughsin urbanenvironments.Our oc-
clusionculling algorithmtakesadvantage of temporal coherencein image space. Assuch, occlusioncalculation
is performedonline only whenneeded.This enablesus to employintelligent occluder-selectionand culling al-
gorithms.We do not preprocessvisibility informationor pre-selectoccluders. Therefore, we can updatescenes
dynamicallyat a little cost.Thealgorithmfeaturesa tradeoff betweenaccuracyandefficiency. While it approxi-
matesvisibility testing, our experimentsshowthaterrors occurrarely.

1. Introduction

In urbanwalkthroughs,a uservirtually navigatesthrougha
3D city modelasapedestrianor asanautodriver. Optimally,
we would like interactive renderingof 30 to 60 framesa
second.Unfortunately, datagatheringtechniqueshave out-
strippedadvancesin renderinghardware,makinginteractive
renderingof massive datasetsimpossiblewithout reducing
thenumberof primitivesrenderedat eachframe.Occlusion
culling is onepopulartechniquefor this reduction.

Occlusionculling is especiallysuitablefor urbanenviron-
mentssincethescenesareusuallydenselyoccluded.How-
ever, the characteristicsof urban environmentsalso raise
several challengingissuesfor occlusionculling algorithms.
First, large amountsof objectsin urbanenvironmentsare
hiddenby the combinationof several, not necessarilycon-
nectedoccluders,therefore,theeffect of multiple occluders
— occludersfusion— hasto beconsideredfor acity model.
Second,mostbuildingsin city modelsareof similarsizes,so
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Figure 1: Visualizationof our algorithm on a Manhattan
city modelwith 27,400polygons.(a) is a bird-eyeview. (b)
is a view alonga street.(c) showslight grey city mapover-
layedwith black view frustum,darkgrey culledobjects,and
black occluders. In thisview, our algorithmculls88%of the
polygons.

afew occludersseldomsufficeandoccluder-selectionmeth-
odsonly relyingonheuristicssuchassizeanddistancemay
fail to capturesignificantocclusionin acity model(seeFig-
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B

Figure 2: Noneof the buildings insideregion B haslarge
sizeor is closeto theviewpoint,but they togetherformgood
occlusion.

ure 2). Besides,urbanmodelsarealways deep;namelyat
most viewpoints,a significantnumberof buildings are far
away from the viewpoint. As the viewpoint movescontin-
uously, faraway buildings that are occludedremainso for
a “long” period of time. Thus strong temporalcoherence
— thescenedoesnot changemuchwithin two consecutive
frames— existsin urbanwalkthroughapplications.

In this paper, we presenta simple and fast occlusion-
culling algorithmfor urbanenvironments.Thealgorithmse-
lectstheoccludersbasedona novel measureof importance.
Thekey featuresof our algorithmareits selectionof effec-
tive occluderandits exploitationof temporalcoherenceby
meansof occludersetshrinkage.Thealgorithmperformsoc-
clusionculling in only asmallsubsetof all theframesdueto
theutilization of temporalcoherence.Theshrinkingallows
tradeoff betweenaccuracy andefficiency. For the purposes
of this paper, we assumethe input model to be 2 � 5D, al-
thoughouralgorithmcanbeextendedto the3D case.Given
a hierarchicalrepresentationof the scene,the proposedal-
gorithmdoesnot requireany pre-processingor prior knowl-
edgeaboutthewalkthroughpath.It computesandmaintains
the occludersetandthe necessaryvisibility informationin
an on-line fashion,and canupdatethe scenedynamically.
Thealgorithmis simpleandcanbeintegratedwith mostex-
isting occlusion-cullingalgorithmsto improve their culling
rateat little extracost.

The resultingalgorithmhasbeenimplementedon a SGI
OctaneMips R10000platform,andtestedonbothstaticand
simulateddynamicenvironments.Considerablespeedupin
both culling rateandoverall frameratehasbeenachieved,
asdemonstratedby theexperimentalresults.

Theremainderof thepaperis organizedasfollows. Sec-
tion 2 givesa review of previouswork. Section3 describes
theoutlineof thealgorithm,while Sections4 – 6 elaborate
on the key stagesof our algorithm.Section7 presentsthe
resultsandperformanceanalysis,andfinally, Section8 con-
cludesby discussingfuturework andopenproblems.

2. Previous Work

Cohen-Oret al � 4 survey recentresultson occlusionculling
andvisibility. In what follows, we distinguishbetweentwo

classesof occlusion-cullingalgorithms:preprocessingap-
proachesandonlineapproaches.

Preprocessingmethodstypically partitiontheview space
into cells,thenpre-computeandstorevisibility information
for eachregion 6� 12� 15� 17� 18� 19� 20. Occludersfusion is inher-
ently difficult to becomputedfor a view cell, andsomeap-
proachesexploit theideaof “virtual” occluders2� 9� 16. For the
specialcaseof urbanwalkthroughs,Cohen-Oret al � 5 pro-
vide a modelingmethodfor denselyoccludedcity datasets
andpre-computehiddenbuildingsfor eachview cell.Wonka
et al � 22 applya shrinkingideain theobjectspaceandcull
mapsin theimagespaceto performvisibility preprocessing.
Theaboveapproachesarefastduringreal-timeapplications,
but areconsiderablycostly with respectto time andmem-
ory duringthepreprocessing,andmaynotbegeneralizedto
dynamicsceneswell.

Unlike theabove preprocessingapproaches,moston-line
methodsperform little preprocessingand apply occlusion
testsandculling with respectto currentviewpoint at each
frame.Many of them3� 7� 8� 11 preselecta few largeoccluders
anddo on-linecomputationin objectspace.Zhanget al � 23

usetheimage-spaceideaandstorethe“opacity” information
into a hierarchicalocclusionmap,whicharegeneratedwith
thehelpof texture-mappinggraphicshardware,thoughthey
still needto preselectasetof occluders(seealso10). Wonka
et al � 21 applyasimilarcull mapideausingz-buffer to urban
environmentsandallow dynamicoccludersselection.One
differentapproachproposedby Klosowski et al � 13� 14 is to
renderon a budget(on demand)usinga novel prioritized-
layeredprojectiontechnique.Our algorithmtakesa similar
ideafor occluderselection.

In someways,our algorithmis similar to theapproachof
Wonkaet al � 22 — we alsousetheshrinkingideaandfocus
on urbanwalkthroughs.But asillustratedlater in thepaper,
we provide a much fasteron-line shrinkingprocessin the
imagespaceandsolve theproblemcausedby shrinkingob-
jectsseparately. As in someearlierapproaches9� 10� 21� 23, our
algorithmutilizesthegraphicshardwareto fuseanocclusion
maskto do culling in the imagespace.But we take further
advantageof thestrongtemporalcoherenceexistedin urban
environmentsandperformanimage-spaceculling only once
perseveralframes.

3. Algorithm Outline

Weproposeanon-lineocclusion-cullingalgorithmfor walk-
throughapplicationsin dynamic urbanenvironments.Al-
though our occlusion culling algorithm might generate
wrong pixels in the resulting image, thus not being con-
servative, we can obtain a tradeoff betweenaccuracy and
culling rate.To thebestof our knowledge,our algorithmis
thefirst on-linealgorithmto utilize the temporalcoherence
in the imagespace.The algorithmcomputesa hierarchical
occlusionmaskwith thehelpof thegraphicshardware,and
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Figure 3: Occlusiontest: (a) shadowfrustum in object
space;(b) maskin imagespace.

marksa subsetof objectsthat are occludedby the mask.
It alsocomputesa conservative estimateof the time, called
timestamp, until whenall of theseobjectswould remainoc-
cluded.Thereforeall objectswhosetime stampsaregreater
thanthe currenttime arecurrentlyoccluded.Sincewe use
“time” insteadof onebit to marktheoccludedobjects,wedo
not have to unmarkthemwhenthey areno longeroccluded
— we simply comparetheir time stampswith the current
time. Our algorithm also supportsdynamicinsertionsand
deletionsof new objectsduringthewalkthrough.

Most of the early culling algorithmsperform occlusion
culling in the object space,where all objects inside the
shadow frustumformedby the occluderandthe viewpoint
areculled.This approachbecomesimpracticalwhenthere
arerelatively large numberof occluders,andoccludersfu-
sion is required.We extendthe image-spaceapproachpro-
posedby Green 10 to do visibility tests using occlusion
masks.

Occlusion masks: For a singleviewpointv, anocclusion
mask is a regular 2D grid on the imageplane.Eachcell
storesthe maximumdepthvalue of all the objectsvisible
insidethiscell, wheredepthrefersto thedistanceof theob-
ject from thecurrentviewpoint.An objectO is occludedby
a maskM if for any point p on O, thedepthof p is greater
thanthevaluestoredin thecell on themaskintersectedby
thesegmentvp. SeeFigure3 (b). In our implementation,an
occlusiontestis performedby anoverlaptestfollowedby a
depthtest.

Critical frames: As wementionedearlier, atsomeof the
framesour algorithmrecomputesthe visibility information
and masksa subsetof the objectsthat are not visible for
severalconsecutive frames.Wecall theseframescritical. In
currentimplementation,thecritical framehappenswhen(i)
realtimereachesthevalueof thetimestamp,(ii) adramatic
changehappensin theview-direction,or (iii) anoccluderis
deletedfrom thescene.

We preprocessthe setof input polygonsandstorethem
into akd-treeT, which inducesahierarchicalsubdivisionof
the objectspace.The algorithmthendoesthe following at
eachframe:

I. If it is a critical frame,it performstheocclusionmarking
operationasfollows:

(I.1) Chooseasetof occluders.
(I.2) Apply theimage-spaceshrinkingalgorithm.
(I.3) Generateahierarchicalocclusionmask.
(I.4) Computea time stampandmarkall objectslying be-

hind themaskwith thisvalueof thetimestamp.

II. For any frame:

(II.1) If theenvironmenthaschanged,thenperformthedy-
namicupdatealgorithm.

(II.2) Passall objectsthat are inside the view frustumand
whosetimestampsarelessthanthecurrenttimeto the
graphicshardware.

4. Preprocessing of the Input

Let S be the set of input polygons.Sincea city model is
2 � 5-dimensional,namelyall objectsareplacedon top of a
groundplane,we usea invariantof 2D kd-treeto storethe
xy-projectionsof the polygonsin S, along with the height
information.Thedatastructureis constructedasfollows.

For eachpolygon 	�
 S, let B � be thesmallestorthog-
onalbox containing 	 , andlet p� be the xy-projectionof
thebottom-leftcornerof B � . We constructa 2D kd-treeT
on the point set P �� p����	�
 S� . Eachnodeτ of T is
associatedwith a subsetPτ � P anda rectangleRτ, which
is thesmallestenclosingrectangleof Pτ. We alsoassociate
a 3D box Bτ, which is thesmallestorthogonalbox contain-
ing all polygons 	 suchthat p��
 Pτ. For the root u of T,

Pu  P andRu  IR2. If �Pτ � is lessthana certainparameter
ρ, thenτ is aleaf.At eachleafτ, westorethesetof polygons��	�� p��
 Pτ � . Otherwise,we chooseanaxis-parallelline
lτ, calledsplitter, andpartitionRτ into two rectangles,each
of which is associatedwith achild of τ. Pointsof Pτ lying in
eachof therectanglesareassociatedwith thecorresponding
child of τ.

Therearemany possibilitiesof choosinga splitter lτ. We
could simply bisectthe points in Pτ andalternatebetween
horizontalandverticalsplitters,or we couldusea moreso-
phisticatedmethod.

Note that the rectanglesassociatedwith the leavesof T
aredisjoint,but thexy-projectionsof theboundingboxesas-
sociatedwith theleavescouldintersectbecausethey bound
the polygons.Eachpolygonis storedat only oneleaf. The
interior nodesdo not storethe polygons.The total size of
the datastructureis O � n� , wheren is the numberof input
polygons.

5. Occlusion Marking Operation

At each critical frame, the algorithm first performs an
occlusion-markingoperation.The goalsof this stepare to
takeadvantageof thetemporalcoherence,to chooseasetof
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Figure 4: The relationshipbetweenshrinkage in image-
spaceandin object-space.

occluders,andto generatethehierarchicalocclusionmasks
suchthatthemarkedobjectswouldremainoccludedfor sev-
eralsubsequentframes.

5.1. Temporal coherence

Let v be the currentviewpoint, and let Bδ � v� be a ball of
radiusδ centeredat v. For an objectσ, the shrinkingof O
by δ is theMinkowski differenceσ � Bδ  � x � Bδ � x�"! σ � .
Thefollowing lemmais straightforward.

Conservative Visibility Lemma: Let Σ be an occlud-
ers set,andlet v betheviewpoint.Σ #$ � σ � Bδ � σ 
 Σ � . If
a point p is occludedfromv by Σ # , then p is occludedby Σ
fromanyv# 
 Bδ � v� .

The lemmasuggeststhat if we useΣ # insteadof Σ to do
occlusionculling at the viewpoint v, the culling would re-
main valid as long as the viewpoint remainsinsideBδ � v� .
ShrinkoccluderP by δ, andlet P# bethenew polygon.If a
polygonQ is occludedby P# andthe viewpoint is moving
with a maximumvelocityV at themoment,thenQ will re-
main occludedby P for the next δ % V time units. In sucha
case,onecansetthetime stampto tc & δ % V, wheretc is the
currenttime.

In theimagespace,how muchtheprojectionof apolygon
P shrinksasweshrinkP by δ in theobjectspacedependson
the distancebetweenP andthe viewpoint. More precisely,
let the imageresolutionbes ' s, theminimumdistancebe-
tweenP andv beD, theangleformedby theview frustumbe
θ, andlet ∆ betheamountby whichweshrinktheprojection
of P (seeFigure4). Then

δ ( 2∆ ) D
stan � θ % 2� � (1)

Theanalysisindicatesthatby shrinkingtheprojectionof
eachoccluderP in theimagespaceby ∆, theresultedimage,
i.e., fusingtheshrunkprojectioninto oneocclusionmask,is
conservative in visibility for all viewpointsinsideBδ � v� .

D

(a)

(b)

(c)

(d)

(e)

A
B

C

Figure 5: Shrinkingthe union of projectionsmaycausea
leak as shownin (b). But this leak will not causeerror on
the resultingimage if other objects(as C in (d)) or other
occluders (asD in (e)) still cover it.

5.2. Image-space shrinking and fusing

Shrinkingeachoccluderin objectspaceseparatelyhastwo
majordisadvantages:(i) it is expensive andcomplicated22;
and(ii) unnecessaryleaksmayappearif twoconnectedpoly-
gonsareshrunkindependently. Theproblemsarefurtherex-
acerbatedif themodelis finely tessellatedor if the input is
givenasasetof polygonswithoutany connectivity informa-
tion betweenthem.Our algorithminsteadshrinkstheunion
of theprojectionsof occluderson theimageplane.Thusthe
algorithmputsnorestrictionsontheinputdataandpreserves
theconnectivity betweenpolygonsduringshrinking.

Shrinkingtheunionmaycauseerrorsometimes,suchas
illustratedin Figure5. ObjectA is in front of ObjectB, but
their projectionsoverlay eachother. The result of shrink-
ing themseparatelyis depictedin Figure5 (c), which con-
tainsa small leakwherea third objectcouldbevisible if no
otherobjectswerecoveringthis slit andthushiding theob-
ject from the viewpoint. However, if oneshrinksthe union
of the two objectstogether, asdepictedin Figure5 (b), the
leakdoesnot appearandthe resultingvisibility is thusap-
proximate.Themaximumsizeof eacherroron theresulting
imageis boundedby theshrinkage∆.

However, if we considerthe visual error, i.e., the mis-
drawn pixelson theresultingimage,theslit asillustratedin
Figure5 (c) wouldproducelittle or noerrorsince:(i) aswill
explain later, theoccluderschosenby thealgorithmarerel-
atively far from theviewpoint, thereis high probabilitythat
closerobjectswould occludetheslit (seeFigure5 (d)); (ii)
wechoosea “thick” layerof occluders(wewill addressthis
issuein Section5.3),thusotheroccludersmaycover thisslit
(seeFigure5 (e)); (iii) ∆ is smallandthusthevisibleportion
throughtheslit is tiny; and(iv) theuseris generallywalking
alongthestreets,andbuildingsalongthestreetsandobjects
closeto him arethefocusof theview, while theerrorsoccur
in placesof lessvisualimportance.So,althoughlarger∆ po-
tentiallyallow largerslits,aswewill seein Section7, errors
rarelyoccur.

Thoughlarger∆ meansmorepossibleerrorsandlesscov-
erageon the occlusionmask,it canincreasethe framerate

c
�

TheEurographicsAssociation2001.



Wang, AgarwalandHar-Peled/ OcclusionCulling Algorithmin UrbanWalkthroughs

(the speed),until it reachesthe point that it damagesthe
culling ratemoreseverely. So ∆ is an importantparameter
in thetradeoff betweenaccuracy andspeed.

5.3. Occluder selection

Weusethefollowing criteriato designtheoccluderselection
algorithm:(i) theselectionprocessis fast,(ii) R, thenumber
of occludersin * , is not too big, (iii) themaskgeneratedis
well-covered,and(iv) thedistancebetweenanoccluderand
theviewpointv is at leastsomeparameterD in orderto take
advantageto temporalcoherence(referto Equation(1)).

Sincetheocclusionmaskis generatedin theimagespace
with thehelpof graphicshardware,ouralgorithmcanafford
to choosea relatively largesetof occludersthanallowedby
theobject-spaceapproaches.The influenceof R will bead-
dressedin Section7.1.Givena fixednumberR, thegoalof
the occluder-selectionalgorithmis to find R most “impor-
tant” objectsamongall the objectsthat lie insidetheview-
frustumandwhoseminimumdistancefrom v is at leastD.
The“importance”of anobjector anodein thekd-treerefers
to theircontributionto theocclusionmask,namely, how well
they occludeobjectsthat are fartheraway from the view-
point. For a nodeξ of T, let φ � ξ � representthe inverseof
“importance”valueof a kd-treenodeξ, thusa smallerφ � ξ �
meansnodeξ is moreimportant.Theoccluder-selectional-
gorithm is depictedin Figure 6. The algorithm works by
maintaininga priority queueof thekd-treenodesto bevis-
ited,basedon thevalueof φ.

ALGORITHM Occluder-selection(T, v, R)
Input: kd-treeT, viewpointv, #occludersR
Output: R polygonschosenasoccluders.

Insertroot(T) into Q;
while ((Q +-, ) and(count . R))

ξ = get-min(Q);
if (size(ξ) is small)and(mindist(ξ, v) ( D)

Outputpolygonsin ξ asoccluders;
updatecount;

else
Inserttwo childrenof ξ into Q;

end if
end while

end Occluder-selection

Figure 6: Occluderselectionalgorithm;get-min� Q� returns
thenodein Q with theminimumφ value, andmindist � ξ / v�
returnstheminimumdistancebetweenξ andv.

We cansimply chooseφ � ξ � to be the minimumdistance
betweenξ andv. This is equivalent to choosingall objects
in anannuluswith aninnerradiusD; thesizeof theannulus
dependson thevalueof R. SeeFigure7 (a) for illustration.
This workswell for densemodelswith almostuniform dis-

F

D

F

D

A

B

(a) (b)

Figure 7: F is theview frustum.D is theminimumdistance.
In (a), objectsin the dark region will be chosenas occlud-
ers basedon distances.In (b), buildingsin region A will be
chosenasoccluders basedon distances.Buildingsin B are
missed,althoughthey contributea lot to theocclusionmask
too.

tributionof buildings.

However, it ignorestheobjectsthatarefar away but nev-
erthelesscontributesignificantlyto theocclusionmask.Fig-
ure7 (b) illustratesonesuchscenario,wheretheabove dis-
tancecriteria only choosethe building in region A even
thoughthebuildingsin regionB wouldbegoodoccluders.

In thefollowing, we consideronly theobjectsthatarein-
sidetheview frustumandareat leastD distanceaway from
v. Intuitively, the definitionof φ � ξ � , for a nodeξ in thekd-
tree,shoulddependon how many polygonscloser than ξ
occludetheobjectsstoredat ξ. In otherwords,if ξ coversa
spots on theimageplane,andseveralcloserpolygons(par-
tially) havealreadycovereds, thenξ is notagoodcandidate
to be an occluder, as it potentialcontribution to the occlu-
sionof s is small (i.e., seethe buildings with light color in
Figure7 (b)). Wethereforeusethefollowing approach.

We divide the imageplaneinto cells,andassigna “cov-
erage”valueC � c� for eachcell c. At any momentduringthe
occluder-selectionalgorithm,C � c� is definedasthenumber
of polygonsencounteredsofarwhoseprojectionsoverlapc.
For akd-treenodeξ, wedefine

φ � ξ �0 min
i 1 1 2 2 k � C � ci �3�54 mindist� ξ / v�6/

whereci , for i  1 /3�3�3�7/ k, are sampledcells that the pro-
jection of ξ covers,andmindist(ξ / v) returnsthe minimum
distancebetweennodeξ andviewpointv. In thecurrentim-
plementation,k is setto be 3. More precisely, for a nodeξ
with a boundingbox Bξ, we choose3 points,namely, the
centerpoint(p1) of Bξ, andthe two endpoints(p2 and p3)
of onediagonalof Bξ, andci is thecell that ray vpi passes
through.Whenever a nodeξ is addedto the occludersset,
eachcell it coversupdatesits coverageto

C � ci � new  C � ci � old & � # polysin ξ �8%�� #cellsξ covers).

Figure8 illustratestheideain 2D.

We have implementedbothmethodsdescribedabove for
computingφ � ξ � . Figure9 shows thedifferentoutputsof the
occluder-selectionalgorithmunderthesameviewpoint and
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Figure 8: The3 light cells are chosento decideφ � ξ � for
nodeξ, while thedarkcellswill beupdatedif polygonsin ξ
are outputedasoccluders.

(a) (b)

Figure 9: In both city maps,dark polygonsare occluders
selectedby the algorithm.Thevalueof φ is definedby dis-
tanceonly in (a), and by the more complicatedmethodin
(b).

view direction,usingthosetwo differentversionsof φ. The
occluderselectionbasedon thecombinedcriteriais slightly
slower thanthedistancecriteria.However, sinceit resultsin
betterculling rateandthetimespentin thisstepis relatively
insignificant(refer to Figure10), it overall resultsin faster
framerates.

5.4. Hierarchical occlusion mask

Our algorithmsendsall theoccludersto thegraphicshard-
wareandreadsthecontentsof thez-buffer. Thebackground
is assumedto beat infinity with themaximumdepthvalue.
Wecall thenon-backgroundregionsin thez-buffer occluder
regions, which is the union of the projectionsof occluders
on the imageplane.The algorithmshrinksthe union by ∆
andthencomputesthetimestampusing(1). However, since
we exploit the standardOpenGLrasterization,the z-buffer
is not a conservative maskfor currentviewpoint dueto the
partially coveredbut drawn pixels on the silhouetteedges.
Similar to thetechniqueproposedby Wonkaet al � 22, oural-
gorithmshrinksoneextra pixel to guaranteethatonly fully
coveredpixels would be counted.The shrinkingoperation
mentionedabove is thesameastheerosionoperationin im-
ageprocessingcommunity.

After thealgorithmshrinkstheoccluderregionsin theim-

ageacquiredfrom thez-buffer by ∆ & 1 pixels,theresulting
imageservesasa primary occlusionmaskM0. In order to
acceleratethe occlusiontestoperationagainstthe mask,in
theimplementation,asin Zhang23, our algorithmusesa set
of hierarchicalmasksM0 / M1 /3�3�3�9/ Mm. Startingfrom thepri-
mary maskM0, the hierarchyis built up by creatinglower
resolutionversionsof M0. We fix a parameterb, eachpixel
in Mi : 1 is obtainedby combininga block B of b ' b pixels
of Mi . The valuefor this pixel in Mi : 1 is the maximumz-
valuein B, which guaranteesthat occlusiontestsinvolving
Mi : 1 areconservative.

Zhanget al � 5 acceleratetheconstructionof their hierar-
chicalocclusionmapsbygraphicshardwarethatsupportsbi-
linearinterpolationof texturemaps.Thestepis madefaster,
but can introduceartifacts.Our conservative maskgenera-
tion algorithmis slower but is performedat only a subsetof
all theframes.

5.5. Marking algorithm

We traversethe T in a top-down mannerto mark the oc-
cludednodesof T with thecomputedtime stamp. At each
nodeτ, we usethe hierarchyof masksandthe 3D bound-
ing boxBτ to speeduptheocclusiontest.Thealgorithmtra-
versesT asfollows:For thecurrentnodeτ, let B ;τ denotethe
smallestorthogonalrectangleenclosingtheprojectionof the
box Bτ on theimageplane.If B;τ is occludedby themasks,
the algorithm marksτ. Otherwise,it recursively visits the
childrenof τ. In orderto determinewhetherB;τ is occluded,
dependingonthesizeof B;τ , thealgorithmfirst selectsanap-
propriatelevel of maskMi . It thensearchesthehierarchyof
masks,startingfrom Mi , with B;τ in a standardmanner. We
checkall cellsb 
 Mi thatintersectB ;τ . If b ! B ;τ is notcov-
ered,weconcludethatB ;τ is notoccluded.If b intersectsB ;τ
partially, werecursively checkthecellsof Mi < 1 lying inside
b to determinewhetherB ;τ = b is occludedby theoccluders.

At eachnodeτ of T, we alsostorethenumberof objects
storedin the subtreerootedat τ. During the markingstep,
insteadof going all the way to a leaf, we stopvisiting the
descendantsof a partially visible nodeif only few objects
— below a chosenthresholdρ — arestoredin the subtree
becausethetime spentin determiningthevisibility of these
nodeswill offsetthetimesavedin not sendingtheoccluded
objects.Wereferto thethresholdρ, whichdetermineswhere
to terminatethevisibility test,asleafsize.

6. Dynamic Update Algorithm

We simulatethe dynamic scenesby inserting or deleting
somerandombuildings at somerandomlychosenframes.
A “lazy” approachis employed to performthe update.We
omit the detailshereandrelatedexperimentalresultslater
becauseof lackof spacefrom currentshortabstractversion.
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Figure 10: Thetimeconsumedby each sub-stepof an oc-
clusionmarkingoperation for the4 models.

7. Implementation and Performance

We testedthe performanceof the above algorithm on an
SGIOctaneMips R10000with a196MHZCPUand128MB
main memory. The programprovides a GUI for the user
to selecta walkthroughpath. All of our testingpathsare
along the streetssince this is the most realistic case.We
demonstratethe performanceof our algorithmon four sets
of city modelsof Manhattansuburb andmiddleManhattan.
The sizesof the modelsaremodel1 with 3,657polygons,
model2 with 27,437polygons,model3 with 109,748poly-
gons,andmodel4 with 438,992polygons.All of themcon-
sist only of buildings,andeachbuilding is composedof a
few polygons.Most polygonsarequadrangles,thoughthere
arealsoa small numberof polygonswith morethan4 ver-
tices.

7.1. Analysis of parameters

We split onemarkingoperationinto five steps:(i) selecting
occluders,(ii) drawing occludersandreadingz-buffer , (iii)
shrinkingto gettheprimarymaskM0, (iv) generatingthehi-
erarchicalocclusionmasks,and(v) markingthe kd-treeT.
Figure10showstheaveragetimetakenby eachsub-stepfor
four differentdatasets.Notethattimespentby sub-steps(i)
–(iv) doesnotvarymuchasthesizeof datasetsgrows,since
it is mainlydeterminedby thegraphicshardwareconfigura-
tions.The time of the last stepdominatesthe overall time.
It increasesasthedatasetbecomeslargerbecausethealgo-
rithm hasto doocclusionteston morekd-treenodesagainst
themaskfor largerdatasets.

Severalcrucialparametersareinvolvedin eachstep,such
astheminimum/maximumdistanceof theoccluders,thesize
andthenumberof levelsof thehierarchicalocclusionmasks,
the sizeof the leavesρ in T, andtheshrinkage∆ in image
space.Thefinal frameratesaredeterminedby theoverhead
of theocclusionmarkingoperationoccurredat eachcritical
frame,by thefrequency of critical frames,andby theculling
rate.All theseparametershave a compoundeffect on the
framerate.We performedmany experimentswith different

(a) (b)

Figure 11: Shrinkingsize of the maskcan decreasethe
culling rateasdepictedin (a), but (b) showsthat it still en-
hancestheframerateuntil theshrinkage is too large.

(a) (b)

Figure 12: (a) Numberof error pixelsfor each frametested
onSunUltra 5. (b) Numberof misdrawnpixelsfor framesin
which error occurs , testedona SGIOctane. ∆  6 pixelsin
bothtests.

configurationsto inspecttheir influence,but omit theresults
andanalysesfrom currentshortpaper. Interestedreaderare
referredto thefull version1.

7.2. Tradeoff between accuracy and speed

Figure11 (a) depictshow ∆ affectsthenumberof polygons
sentto thegraphicshardware(culling rate)for model3 con-
sistingof around100/ 000 polygons.As the valueof ∆ in-
creases,it haslittle affectontheculling ratein thebeginning,
but aftera while, it startsreducingtheculling ratesincethe
coverageontheocclusionmaskis toosparse.Eventually, the
numberof polygonssentto the hardware convergesto the
numberof polygonsinsidethe view frustum.The curve in
(b) reflectstherelationshipbetween∆ andtheoverall frame
rates.As the figuresshow, before∆ reachesthe point that
it startsto reducethe culling ratesignificantly, it enhances
theframerates.Ontheotherhand,larger∆ potentiallyallow
moreerror. Thusbefore∆ meetsthethreshold,theshrinking
size provides a way to achieve tradeoff betweenaccuracy
andspeed.

We testedthesizeof error, i.e., thenumberof pixelsmis-
drawn on theresultingimagecomparedwith displayingthe
sceneusingtheview-frustumculling algorithm.Namely, we
readthe z-buffer andframebuffer from the hardwareafter
applyingour algorithmandthe view-frustumculling algo-
rithm respectively, andthencomparethesebuffer. We per-
formedthesamealgorithmontwo platforms,aSUNUltra 5
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(a) (b)

Figure 13: Light grey city mapsare overlappedwith black
view frustumandblack occluders in bothfigures.Dark grey
building in (a) aremarkedoccludedbyour algorithm,while
darkgrey boxesin (b) are theboundingboxesof themarked
nodes.

andaSGIOctane,andobserveverydifferentnumberof mis-
drawn pixels.Figure12(a)showsthenumberof errorpixels
at eachframefor a pathconsistingof 800frames.However,
very few error pixels appearfor the samepathwhentested
on the SGI platform.So we insteadapply the algorithmto
a long path(11/ 558 frames)throughoutthe city modelon
theSGImachine.Errorsonly appearin 158frames.SeeFig-
ure12 (b). Experimentsfor othermodelsshow similar pat-
terns.Furthermore,we did not observe any substantialin-
creasein thevisualerroras∆ becomeslarger. Thissomewhat
counterintuitive behavior, follows from the fact that closer
objectsandotheroccluderscover theleaksproduced.Also,
notethatour analysisis ratherconservative, andassuch,in
practice,it is rather“pessimistic”in estimatingthevisualer-
rors.

7.3. Performance

We demonstratethe performanceof the algorithmby com-
paring the culling and frame rateswith the view frustum-
culling algorithm.Our main purposeis to prove the effec-
tivenessof our algorithm,so the algorithmhasnot focused
onacceleratingtheframeratesusinggraphicshardwaresuch
asusingdisplaylistsor trianglestrips.Instead,wesendaset
of polygonsin eachframe.

In Figure13, theviewpoint is on a very long street,with
theview directionalongthatstreet.Figure13(a) shows that
theculling iseffectivesincemostunmarkedobjectsarethose
buildingsalongthestreetsides.In thatcase,otherculling al-
gorithm would only do worseif they arenot carefulabout
the occludersset.The efficiency of the culling is shown in
Figure13 (b) wherethedarkboxesaretheboundingboxes
of the nodesmarked occludedin the kd-tree.Most marked
nodesarecloseto the root, except for thosewhoseprojec-
tions are on the boundaryof the occludedregion. In this
specificcase,nodescloseto the streetsandnearthe view
frustumhave to be broken down to lower level during the
marking.

In our algorithm,a polygonis culledeitherbecauseit is

(a) (b)

Figure 14: Culling ratesachievedby our algorithmfor (a)
model2 (27,437polygons)and (b) model4 (438,992poly-
gons).In both plots, the uppercurveshowsCRo while the
lowercurveshowsCRv.

Data Hardware Viewfrustum Our
size only culling algorithm

3,657 328.57 58.93 56.63
27,437 9.26 14.78 41.27

109,748 1.86 3.26 38.53
438,992 0.43 1.17 20.13

Table 1: Frameratesusing(i) z-bufferdirectly, (ii) viewfrus-
tumculling, and (iii) our algorithm.Theunit for the frame
rateis frames/sec.

outsidetheview frustum,or alternatively, anancestorof the
leafstoringthepolygonis markedoccluded.Let

CRv  #polygonsculledby thealgorithm
#polygonsinsideview frustum ,

and
CRo  #polygonsculledby thealgorithm

#polygonsin thedataset .

The value of CRv shows the improvement in the culling
rateperformanceachieved by our algorithmover the view
frustum culling approach,while CRv refers to the culling
ratecomparedto the original dataset.Thegraphsdepicted
in Figure 14 show the changesof thesetwo culling rates
with respectto time. The high culling rate is achieved
becausethealgorithmincludesmostof the“useful” objects
asoccluders.

Table1 shows theframerate(averagedover 800frames)
obtainedby our algorithm.Thereis no benefitin usingour
new algorithm for small datasetsdue to the overheadat
critical frames.The big gainsappearwhen our algorithm
is appliedto mediumto large inputs,whereour moreag-
gressive culling paysoff. In thecurrentimplementation,the
time requiredat eachframeis not balancedsincea critical
frameneedsto performtheexpensiveocclusion-markingop-
eration.As the renderingandocclusion-markingstepscan
beperformedindependently, we canusemultiple threadsto
performthesetwo steps,which would amortizethe costof
occlusionmarkingover severalframes.
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