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Figure 1: One cub e formed b y 8 v o xels and the isosurface that in tersects it. The triangular facets

of the isosurface are highligh ted with dashes.

The remainder of this pap er is organized as follo ws. In Section 2, w e discuss a serial realization

of the Marc hing Cub es. In Section 3, w e analyze the parallelism inheren t in the problem and

in tro duce our v ectorized Marc hing Cub es algorithm. In Section 4, w e sho w the time impro v emen t

of our v ectorized metho d measured for sev eral datasets. Images of extracted isosurfaces are also

presen ted at the end of the pap er.

2 SERIAL MAR CHING CUBES IMPLEMENT A TION

A n um b er of descriptions of the Marc hing Cub es algorithm ha v e b een presen ted in the literature,

and our implemen tation is motiv ated b y [ Lore87 ]. Most implemen tation details w ere omitted in

the pap ers a v ailable to us, th us w e ha v e dev elop ed our o wn data structures and program organiza-

tion. In Figure 2, w e demonstrate the data 
o w and steps of our Marc hing Cub es algorithm.

2.1 Execution Flow

Tw o fundamen tal issues in the Marc hing Cub es algorithm are the calculation of the in tersection

p oin ts of the isosurface with eac h cub e and the �nding of the top ological relation b et w een in tersec-

tion p oin ts. The p osition and the n um b er of the in tersection p oin ts for eac h cub e are determined b y

the v alues of the cub e's eigh t v ertices in comparison with the threshold that c haracterizes the iso-

surface. W e use a lo ok-up table (LUT) re�ned for our application to help determine the top ological

connection b et w een these in tersection p oin ts. Man y other Marc hing Cub es algorithm realizations

also use v arious t yp es of lo ok-up tables (for example, [ Lore87 ] [ Matv94 ]).

When the isosurface is determined to in tersect a cub e edge, linear in terp olation b et w een the

t w o edge v ertices is used to calculate the lo cation of the in tersection. Th us the lo cation of the

in tersection p oin t on an edge dep ends on the v alues of the t w o v ertices. F rom Figure 3 it can b e

observ ed that eac h cub e has 12 p oten tial in tersection p oin ts, ho w ev er, it is not necessary to compute

all of them for eac h cub e. Since edges are shared b et w een neigh b oring cub es, previously calculated

results can b e b orro w ed from neigh b oring cub es. Usually , only limited n um b er of in tersection p oin ts

(in fact no more than 3 for eac h cub e not at the v olume b oundary) need to b e computed. In the

follo wing section, w e describ e the data structure dev elop ed for our serial implemen tation.
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Figure 2: Execution 
o w of Marc hing Cub es

2.2 Data structure and management

Our implemen tation uses a lo ok-up table to store the top ological information ab out classes of

in tersections b et w een the isosurface and a cub e. Tw o arra ys are used for storing the geometry of

the output isosurface and some auxiliary data structures are used for b o okk eeping.

2.2.1 Lo ok Up T able

T op ologically , there are at most 2

8
= 256 in tersection scenarios for eac h cub e b ecause eac h of the

eigh t v ertices could b e either larger or smaller than the threshold. Ho w ev er, if complemen tary

symmetry and rotational symmetry are considered, the n um b er of classes is reduced to fourteen

[ Lore87 ]. Complemen tary symmetry can b e understo o d with the follo wing example. In Figure 3,

let S1 = fV0; V2; V5; V6; V7g b e the set of v ertices whose v alues are ab o v e the isosurface threshold T.

Let S2 = fV1; V3; V4g b e the set of v ertices whose v alues are b elo w T. Complemen tary symmetry

means that the the isosurface top ology here is same as that under the situation where v ertices

in S1 are b elo w T and those in S2 ab o v e T . Rotational symmetry can b e similarly de�ned; t w o

kinds of in tersections are said to b e rotationally symmetric if they are iden tical after a rotational

transformation is applied on the cub e.

F or implemen tation e�ciency , w e ha v e constructed a lo ok-up table (LUT) exploiting only com-

plemen tary symmetry b ecause the top ological mapping op eration of the rotational symmetry is

time-consuming. Th us our LUT con tains 128 en tries rather than the minimal n um b er (14). Eac h

en try has the follo wing form:

N S1; S2; : : : ; SN V1; V2; : : : ; VM ;

where N is the n um b er of unconnected surface facets in the cub e; Si is the n um b er of in tersec-

tion p oin ts in the i-th facet; and V1 through VM form a list of all the in tersection p oin ts in the

cub e. Based on S1 to SN , the M in tersection p oin ts are group ed in to N facets where the �rst S1
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Figure 3: The n um b ering of the v ertices and the in tersection p oin ts

in tersection p oin ts are in facet 1, the next S2 are in facet 2, and so on. F or example, the en try

corresp onding to Figure 3 has the form:

2 3 ; 4 2 ; 9 ; 8 ; 0 ; 4 ; 7 ; 5 :

2.2.2 Output Geometry of the Isosurface

F or the isosurface, w e need to kno w all the v ertices (in tersection p oin ts) and the explicit top ological

connection b et w een them. W e use a general represen tation for p olyhedra to ac hiev e this goal. The

represen tation uses t w o arra ys. One is a v ertex arra y that records all the v ertex co ordinates in

the isosurface p olyhedron. The second arra y is comp osed of a sequence of v ariable-length records,

where eac h record represen ts one p olygon facet of the p olyhedron and has the follo wing form:

n; v1; v2; : : : vn;

where n is the n um b er of v ertices in the p olygon and v1 to vn are the p ositions of these n v ertices

in the v ertex arra y . F or triangular facets, n will alw a ys b e 3. The arra y ends with a p olygon whose

n is equal to zero. F or e�ciency , w e implemen ted the arra y as a one dimensional in teger arra y

instead of an arra y of complex record constructs.

2.2.3 Auxiliary In tersection P oin ts Record

Due to the sharing of edges (or in tersection p oin ts) b et w een neigh b oring cub es, it is only necessary

to up date at most three out of the 12 p oten tial in tersection p oin ts for a cub e not at a b oundary;

the other in tersection p oin ts can b e found from neigh b ors. W e exploit this b y storing previously

computed results in an auxiliary data structure.
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3 IMPR O VED VECTOR-P ARALLEL METHOD

Our serial implemen tation in Section 2 is straigh tforw ard from the original Marc hing Cub es idea.

The en tire computation is done cub e-b y-cub e whic h could b e c haracterized b y a for-lo op. This

serial metho d is not tuned for parallel e�ciency . In particular, it is not tuned to exploit the

c haracteristics of the pip elined CPUs on a v ector-parallel sup ercomputer. Although the compiler

on man y v ector-parallel computers (including the one w e used on the Cra y C90) can do some

optimization automatically , the optimization is to o limited if the program is not restructured in

b oth data structure and execution 
o w. W e ha v e dev elop ed a new algorithm and new data structure

that more fully exploits the parallelism inheren t in the problem.

3.1 Vectorization Principles

The sup ercomputer a v ailable to us w as a Cra y C90 with t w o CPUs at the Alabama Sup ercomputing

Cen ter. Eac h CPU is a pip elined sup er-pro cessor. Using Flynn's classi�cation and considering the

single pro cessor p erformance only , the C90 has SIMD-lik e b eha vior. Its CPU consists of sev eral

separate computing units for addition, m ultiplication, shifting and logical op erations, etc. Eac h

computing unit consists of a n um b er of sections whic h can form a pro cessing pip e, as sho wn in

Figure 4 [ Ston87 ]. If the same op eration is p erformed on all elemen ts of an arra y of data, the

second data elemen t could en ter the pip e b efore the �rst data lea v es the pip e. Apart from the time

to �ll and empt y the pip e, the pip eline time impro v emen t is prop ortional to the n um b er of sections

in the pip e [ Alma94 ] [ Matv94 ]. Since the op eration is done on an arra y of data, this computation

mo de is called v ector computation. In practice, the main op erations that can b e v ectorized in an

application are those calculations within lo ops. Ho w ev er, there are some limitations on the lo ops

that can b e v ectorized. One imp ortan t requiremen t for v ectorization is that there should b e no

dep endence b et w een the pip eline inputs and/or b et w een the pip eline outputs.

F or example, lo op ( 1) b elo w could b e v ectorized on a v ector-parallel mac hine. On the other

hand, lo op ( 2) and lo op ( 3) will not b e v ectorized. In lo op ( 2), the op eration on one elemen t of
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the arra y dep ends on the calculation result from the previous elemen t and th us that elemen t could

not en ter the pip e un til its predecessor exits. This is called a 
o w dep endence [ Alma94 ] [ Cra y95 ].

for i = 1 to N do

a[ i] = b[ i] + c[ i] (1)

Lo op ( 3) can not b e v ectorized b ecause it is di�cult to arrange the data in arra y b for v ector

computation since its indices will not b e kno wn at compilation time. Th us, the time impro v emen t

of an y application on a v ectorized computer will dep end on ho w the data structure and execution


o w are arranged to maximize the v ectorization. In the remainder of this section, w e describ e ho w

w e ac hiev ed b etter v ector-parallel p erformance for the Marc hing Cub es algorithm.

for i = 1 to N do

a[ i + 1] = a[ i] + c[ i] (2)

for i = 1 to N do

a[ i] = b[ c[ i]] + d[ i] (3)

3.2 Vectorizing the interpolation

Through observ ation of the serial Marc hing Cub es implemen tation, w e found that one of the most

in tensiv e computations is the in terp olation of the in tersection p oin ts b et w een the isosurface and

cub e edges. Ho w ev er, there are three di�culties in v ectorizing this op eration.

Firstly , not all the edges need to b e in terp olated b ecause the isosurface only in tersects with

some edges. Secondly , the op erations are not imp osed on ev ery edge in the same w a y - for some

edges the in tersection p oin t lo cation is computed with in terp olation while others can b e b orro w ed

from neigh b ors. Both ab o v e argumen ts implicated the use of conditional branc hes that will break

the pip eline op eration. Thirdly , b y v ector op eration w e mean that the op erand data o ccup y se-

quen tial memory lo cations so that they can b e pump ed in to the pip e without dela y . Ho w ev er, the

in terp olation has to b e done on edges in three di�eren t directions - horizon tal, v ertical, and depth.

Eac h of these directions has a di�eren t memory mapping for its op erands. In addition, w e ha v e to

consider the b order conditions in eac h direction.

T o solv e these problems, w e decided to do the in terp olation on all the edges and decomp osed

the in terp olation in to three separate pro cesses for eac h of the three directions. In eac h direction,

w e wrap the in tersection p oin ts in to a one-dimensional arra y and add dumm y in tersection p oin ts

at the b order to a v oid conditional branc hing. With three long arra ys all the in tersection p oin ts can

b e stored and the in terp olation op eration can b e v ectorized on eac h arra y .

3.3 Vectorizing the index computation

Another op eration that can b e v ectorized is the calculation of the index in the lo ok-up table for

eac h cub e. As w e ha v e explained, eac h en try in the LUT records one p ossible in tersection scenario

(in fact, t w o scenarios in our case due to the exploitation of complemen tary symmetry) b et w een an
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Figure 5: Index bitmap for a cub e

isosurface and a cub e. Up on initial consideration, this cub e-wise computation migh t seem di�cult

to v ectorize. Ho w ev er, if the 128-en try lo ok-up table can b e arranged in a suitable pattern and

coupled with some mo di�cations of the algorithm, all the indices can b e calculated in parallel.

First, w e used a b o olean v olume data structure implemen ted using an arra y with the same

size as the n um b er of v o xels in the 3D v olume. Eac h elemen t in the arra y has v alue 0 if the

corresp onding v ertex in the input v olume has its v alue higher than the threshold, and 1 otherwise.

The computation of this b o olean v olume can b e e�cien tly v ectorized. Second, for an arbitrary

in tersection scenario suc h as the one in Figure 3, the index in the LUT is determined b y a bitmap

pattern sho wn in Figure 5 and can b e calculated with F orm ula 4. Third, w e w an t to compute this

index for all the cub es with v ectorized computation whic h means that eac h op erand in F orm ula 4

corresp onds to a v ector input. Th us, w e wrap all the cub es ro w b y ro w and la y er b y la y er in to an

one-dimensional arra y and in tro duce dumm y cub es at b oundaries of the v olume. Then the indices

for all the cub es can b e stored in an arra y . Because eac h ei has a �xed memory mapping relation

with e0 , the computation of the indices can b e decomp osed and v ectorized.

index = boolean[ e0 ] +

boolean[ e1 ] � 2 +

boolean[ e2 ] � 4 +

boolean[ e3 ] � 8 +

boolean[ e4 ] � 16 + (4)

boolean[ e5 ] � 32 +

boolean[ e6 ] � 64 +

boolean[ e7 ] � 128

3.4 Task Parallelization

The Cra y C90 w e used has t w o p o w erful pip elined CPUs, th us there is a p ossibilit y that m ulti-

tasking can b e utilized. W e ha v e attempted to include m ulti-tasking b y allo wing indep enden t lo ops

to execute sim ultaneously . There are t w o forms of m ulti-pro cessing: (1) indep enden t for-lo ops can

b e pro cessed on di�eren t CPUs; and (2) a single large for-lo op can b e decomp osed in to sev eral

indep enden t sections and eac h section executed on a di�eren t CPU.

In our implemen tation, tasking optimization did not pro duce signi�can t p erformance impro v e-

men t. The probable reason for this is that there are not enough computations to out w eigh the task
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Figure 6: Time impro v emen t of v ector-parallel o v er serial Marc hing Cub es on Hydrogen molecule

dataset. Graph sho ws impro v emen t for isosurfaces extracted with di�eren t threshold v alues.

sc heduling o v erhead. Since most for-lo ops ha v e already b een v ectorized, applying m ulti-tasking to

these for-lo ops w ould not yield m uc h additional impro v emen t.

4 RESUL TS AND DISCUSSION

Exp erimen ts ha v e b een done on four sets of v olume data to test the p erformance of our v ectorized

Marc hing Cub es metho d. One of them is a three-dimensional h ydrogen molecule dataset that is

64x64x64. The other three datasets are computerized tomograph y images. They are a 128x128x34

image of a lobster, a 256x256x37 image of a preserv ed kidney and a 256x256x37 ab dominal torso

dataset. Our visualization en vironmen t uses a Cra y C90 sup ercomputer for time-consuming com-

putations and a fron t-end SGI w orkstation as the end displa y .

In Figure 6 to Figure 9, w e demonstrate ho w our v ectorized Marc hing Cub es algorithm exploits

the underlying pip elined CPU on the v ector-parallel sup ercomputer for the four datasets. The

�gures sho w the time impro v emen t of the v ectorized v ersion against the serial v ersion at v arious

threshold lev els. All the tests w ere run on the Cra y C90. Serial p erformance w as measured using

executables compiled without v ectorizing optimization.

The time impro v emen t of the v ector-parallel approac h o v er the serial approac h a v eraged a

ten-fold increase for the four datasets. With the v ectorized v ersion, w e w ere able to extract the

isosurface in ab out 0.25 seconds for the h ydrogen molecule dataset and appro ximately 1 second for

the larger datasets of the torso and the kidney . The time impro v emen t is related to the size of the

input data. With larger datasets, the adv an tage of our v ectorized algorithm is sho wn more clearly .

F or example, an impro v emen t of more than 15 can b e ac hiev ed with the kidney and torso datasets.

The cause of this is that the principal o v erhead in pip elining CPU is the time to �ll the pip e and

the time to empt y the pip e. When the v ector data is longer, this �xed o v erhead is a smaller p ortion

of the o v erall w ork. This c haracteristic is pleasing, b ecause the target of our e�ort in v ectorizing

the Marc hing Cub es is to pro cess large datasets that could not b e handled in near-real-time b y the
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Figure 7: Time impro v emen t of v ector-parallel o v er serial Marc hing Cub es on Lobster CT dataset.

Graph sho ws impro v emen t for isosurfaces extracted with di�eren t threshold v alues.
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Graph sho ws impro v emen t for isosurfaces extracted with di�eren t threshold v alues.
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Figure 9: Time impro v emen t of v ector-parallel o v er serial Marc hing Cub es on torso CT dataset.

Graph sho ws impro v emen t for isosurfaces extracted with di�eren t threshold v alues.

Figure 10: The extracted h ydrogen molecule isosurface T=30.
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Figure 11: The extracted lobster isosurface with T=100.

Figure 12: The extracted kidney isosurface with T=16.
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Figure 13: The extracted torso isosurface with T= 183.

serial metho d. The extracted isosurfaces with the four datasets are displa y ed in Figures 10 to 13.

W e ha v e also implemen ted the serial Marc hing Cub es on an SGI w orkstation(Indigo2 Extreme

SGI with 128 Mb yte RAM). The p erformance on it is comparable to the serial mo de on Cra y C90.

The SGI has an optimized structure for graphic computation. Ho w ev er near-real-time op eration of

the Marc hing Cub es on the SGI still seems to b e imp ossible, esp ecially for large datasets or when

sev eral isosurfaces ha v e to b e extracted sim ultaneously and rep eatedly .

W e are encouraged with the presen t results on the Cra y C90. The Marc hing Cub es is a di�cult

problem to optimize on a pip eline pro cessor. The algorithm con tains some op erations that are

di�cult to v ectorize suc h as the conditional branc hes in determining the existence of in tersection

p oin t on a giv en edge and table lo ok-ups. The Marc hing Cub es is also a problem whose o v erall

computational burden is not extremely large for the sup er pro cessor, reducing the p oten tial for

time impro v emen t. V ector-parallel computations are done most e�cien tly when the execution 
o w

is v ery �nely tuned on a long v ector stream ( i.e., there is lo w o v erhead).

5 CONCLUSION

Our results indicate that the sup ercomputer is a v aluable computing resource for time-consuming

graphics and visualization applications. It is esp ecially useful when it can b e com bined with a

high-end w orkstation for in teractiv e manipulation and displa y . In the system w e en vision, the

sup ercomputer could act as a robust computing serv er for a high p erformance and 
exible visual-

ization system. This ma y lead to some new and real-time applications whic h w ere di�cult (v ery

time-consuming) on pure w orkstation systems.
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