ParVox -- A Parallel Splatting Volume Rendering System forDistributed VisualizationP. Peggy Li, Jet Propulsion LaboratoryScott Whitman, Equator Technologies, Inc.Roberto Mendoza, Jet Propulsion LaboratoryJames Tsiao, Jet Propulsion LaboratoryABSTRACTThis paper presents a parallel volume rendering system, Par-Vox, for large volumes of 4-D data sets in regular structuredgrids. A parallel volume rendering API based on the splattingalgorithm constitutes the core of the ParVox system. Anet-work interface program takes commands from an XWindowbased GUI, calls the API to perform the rendering functions,compresses the rendered images and sends them back to theGUI window. The ParVox system is designed for interactive,distributed visualization of large multiple time steps, multipleparameters volume datasets. The parallel splatting algorithmemploys both object space decomposition and image spacedecomposition; an asynchronous image compositing schemebased on the direct send model reduces both the communicationoverhead and the synchronization overhead. The ParVox sys-tem architecture, the parallel algorithm and its implementationon the Cray T3D and the parallel wavelet compression algo-rithm are discussed extensively in this paper. The performanceresults and some optimization techniques are also presented.Keywords: Direct Volume Rendering, Wavelet Image Com-pression, Parallel Splatting Algorithm, Distributed ScientificVisualization.1. INTRODUCTIONThere has been a great deal of interest in implementing volumerendering algorithms on massively parallel supercomputerplatforms in recent years. There are two main forces drivingthis development: first, the use of supercomputers for largescale scientific modeling and simulation enables the modelersto generate larger data volumes in greater speed. It becomesimpractical and even impossible to visualize large volumes ofdatasets on workstations. Second, volume rendering of largedatasets demands both extensive computational and storageresources which a workstation can hardly provide. Parallel volume rendering algorithms are mainly based on threedifferent sequential approaches: ray casting, shearing, andsplatting. Ray casting is probably the most popular approachfor direct volume rendering, which has been parallelized onmany parallel architectures using either image space partitionor object space partition [3,8,10,13,17,22]. Shearing per-forms view transformation by decomposing it into sequential3D shear operations. Lacroute proposed an accelerated shearingalgorithm, called shear-warp factorization [14]. He [15] thendemonstrated a parallel implementation of the shear-warp algo-rithm on the SGI Power Challenge capable of real-time framerate. While the shear-wrap approach is in general faster thanray casting and splatting, it does require a high initializationoverhead to set up the run-length encoded volume and addi-tional memory to store three copies of the encoded dataset. Italso requires recalculation of the encoded volume when the vol-ume is reclassified. Splatting is a feed-forward voxel projection algorithm origi-nated by Westover [26,27]. Several parallel splatting renderershave been implemented. Elvins [7] was the first to use splat-ting on a general purpose multiprocessor, the NCube machine.The volume is partitioned into individual slices and distributedacross the processors in an interleaved fashion. Johnson andGenetti recently [12] implemented a similar splatting rendereron the Cray T3D with one set of contiguous slices distributed toeach processor. Each processor renders its local data and paral-lel compositing is done by constructing an image manipula-tion pipeline where portions of the image (contiguous sets ofscan lines) are passed in a round robin fashion among the proc-essors. Neumann [21] analyzed and implemented the three main volumerendering algorithms and concluded that splatting was consis-tently the fastest of the three. (Note that Neumann analyzed theshearing algorithm since the shear-warp factorization was notinvented yet.) He also analyzed image space decompositionvs. object space decomposition as well as data partitionchoices, such as slices, slabs, and blocks. He concluded that anobject space partition using block data regions required theleast amount of communication. This is the method we havechosen to implement here.Our approach is similar to Johnson�s [12] in that we both usesplatting with an object space partition. However, we improvethe data decomposition using multiple interleaving blocks perprocessor to allow better load balancing. We also adapt a moresophisticated final image composition algorithm to reducecommunication and synchronization overhead.

Building a parallel and distributed visualization system is farbeyond the implementation of a parallel rendering algorithmalone. To integrate parallel renderers into a broader computingenvironment requires solving problems such as applicationinterface, data representation and distribution, image trans-port, display and storage, and graphical user interface. Crock-ett proposed a software architecture for parallel rendering [6]which addresses issues and challenges for parallel renderingsystems. In this paper, we present our solution toward a paral-lel, distributed volume visualization system, called ParVox.In the next section, we give an overview of the ParVox systemarchitecture and a brief description of each component. Theparallel splatting algorithm and its implementation on theCray T3D is described in detail in Section 3. Some earlier re-sults of the parallel splatting algorithm were reported in [28].In this paper, we present new results and more implementationdetails. The ERIC compression algorithm is discussed in Sec-tion 4 and the performance result is presented in Section 5. 2. PARVOX SYSTEM OVERVIEWWhen we first started the ParVox project in 1995, we identifiedthree requirements based on our discussion with scientists invarious disciplines:1. ParVox should be able to visualize a pre-generated volumedataset interactively in 3-D space or animate pre-generatedmultiple time-step volumes. The volume may be represented asa translucent color cube with selected colors representing dif-ferent values or as iso-surfaces with designated threshold val-ues.2. ParVox should provide an API for applications to link with. It allows applications to convert 4-D volume sets into 2-Dimage frames with pre-determined rendering parameters, such asclassification, viewing transformation, shading and lighting.The rendering parameters may be generated and recorded froman interactive session as described in 1. Storing intermediatesimulation results as 2-D images greatly reduces the disk stor-age and the transmission time to bring the result back to theuser�s local computer.3. ParVox should be able to run in concert with the applicationunder the control of the GUI. The scientist is able to view themodel result while it is generated and thus adjust the model pa-rameters accordingly. In this mode, ParVox not only serves asa visualization system, but also a debugging tool. It savesboth model development time and computing resources byviewing and analyzing results on the fly.Most volume visualization systems act as post-processingtools, as noted in requirement #1 above, such as Vis5d [9],ParVis [4], and LinkWinds [11]. Some of the systems provideAPIs for users to build their own rendering interface or linkwith applications, such as VolPack [15], and Vfleet [25]. Noneof them satisfies requirement #3 - interactive visualizationwhile the application is running. Vis5d, and LinkWinds areworkstation-based visualization systems. They implementvolume rendering either in software or in graphic hardware de-pending on the availability of the hardware support on the par-ticular platform. ParVis is a parallel ray-tracing volume ren-derer for structured grid volume datasets. It runs on Fujitsu AP1000 machine with a GUI and display on an X Window worksta-tion. VolPack is a volume rendering API based on the shear-wrap algorithm; it runs on shared-memory multiprocessor SGIPower Challenge series. Vfleet is a parallel ray-tracing volumerendering system with object space decomposition. It usesPVM for message passing and works on clusters of worksta-tions and the Cray T3D.ParVox is designed to fulfill all the above three requirements.As a post-processing distributed visualization system, it pro-vides an X Window based GUI program for display and viewingcontrol, a parallel input library for reading 4-D volume datasetsin NetCDF [24] format, a network interface program that inter-faces with the GUI running on the remote workstation and aparallel wavelet image compression library capable of support-ing both lossless and lossy compression. NetCDF is chosen asthe input file format for ParVox due to its popularity in thescientific computing community. The data format could be dou-ble precision or single precision floating point, integer, orone-byte character. Meta information such as data range, vari-able name, spacing, time tag and null data value are also in-cluded in the ParVox data file.We provide a rendering API in the form of OpenGL includinglighting, shading, classification, data redistribution, multiple-isosurface and direct volume rendering, multiple-variable andmultiple time-step volume rendering. Up to five white lightsources are supported; each one can be individually disabled orenabled. Adata volume may have multiple variables; eachvariable may have its own material which defines its lightreflection property. The Blinn shading model [2] is used forshading and Levoy�s algorithm [16] is used for iso-surface clas-sification.In order to run ParVox together with a scientific simulation asan interactive analysis tool, we need to take into account thespeed difference and memory requirement for simulation, ren-dering and image output and display. Most simulations demandextensive computation and memory resources. One simulationstep may take several minutes or tens of minutes on an MPP.Rendering also requires a lot of memory and computing re-sources, but rendering one frame usually takes a fraction of asecond. In addition, the data partition for the simulation maynot be the optimal one for the renderer and a data redistributionmay be necessary while switching from simulation to render-ing. Therefore, we propose a functional pipelining architecturefor supporting this type of application. Figure 1 shows thearchitecture.In Figure 1, three functional units are running as separate parti-tions in one supercomputer or on different computers. Thesimulator, the slowest module, requires most of the resources;thus it has the largest partition. The simulated results in theform of 3-D volume sets are transferred to the rendering modulevia a fast and parallel communication channel. The data redis-tribution occurs while data is transferred from the simulator tothe renderer. The renderer performs the rendering, respondingto the commands from a remote GUI. The rendered images arethen sent to a compressor module to perform wavelet compres-sion. Last, the compressed images are sent to the GUI on theuser�s desktop via a low bandwidth link. The functional pipe-line allows all three modules to run at the same time: the simulator calculates the next simulation step while the user is view-ing the result from the previous time step. The renderer canrender the next frame while the compressor is compressing andsending the previous frame. The three functional modules maybe running on three different computers as long as the band-width between modules supports the required data rate.

SimulationRenderCompressor

Time-steppedSimulation DataRenderedImages

Decompressed Images

Control and Render CommandsDecompressorNetwork ControlGUIRemote Supercomputer(s)Local WorkstationFigure 1. ParVox System ArchitectureIn our current implementation, we have all the utilities andlibraries for post-processing distributed visualization andbatch-processing animation generation. We have not imple-mented the functional pipelining nor designed the interfacebetween functional units yet. The set of controls to the appli-cation will require more understanding of each individual simu-lation; whether there exists a generic set of controls that can bebuilt in the GUI still remains an open question.X Window User InterfaceThe ParVox GUI is designed to run on a remote workstationcapable of X window display. The GUI provides a user-friendly,interactive environment for viewing and rendering control.Multiple control panels are provided to control the direct vol-ume rendering, iso-surface classification, viewing transforma-tion, lighting and material setting. A trackball is implementedon a small window in the viewing control panel showing abounding box and a 3-D coordinate. ParVox also integrates thecolor and opacity editing program, icol [1], developed by ArmyHigh Performance Computing Research Center, University ofMinnesota. Both the color map and the opacity map may beloaded, edited, and stored in the ParVox GUI. 3. PARALLEL SPLATTING ALGORITHMSplatting, as defined by Westover [26,27], is a feed-forwardvoxel projection algorithm in which a filter is applied to eachvoxel and the resultant filtered voxel is projected onto thescreen.The reader is referred to Westover’s paper for an excellent over-view of the actual splatting process. Briefly, the voxels areprocessed in sheets -- a set of voxels in a 2-d grid of the recti-linear volume which is most orthogonal to the current viewingdirection. The sheets can be processed either front-to-back orback-to-front as long as the order is consistent. Each voxel ina sheet is projected to the screen and its contribution to theunderlying pixels is determined according to the applied filterkernel (Figure 2).

Voxel SpaceImage Planevoxel with �lter

Projected Splat FilterSplat �

Figure 2. The Splatting Process With FilterThe parallel algorithm is very similar to the sequential algo-rithm with a few changes. First, each processor receives ablock portion of the volume which is then rendered locally --splatting and compositing to the local processor’s accumula-tion buffer. This results in a correct image for this portion ofthe volume. This sub-image is then composited with other sub-images from other processors. Communication is required toobtain the sub-image data from the appropriate processors.The rendered sub-images will overlap each other in depth aswell as in the Xand Ydirections. Then, final compositing ofthe sub-images occurs and the distributed image (among all theprocessors) is reconstructed to a single image for final display.Below, we describe in detail each portion of the parallel algo-rithm.Object Space DecompositionTypically, each processor is given 1/P portion of the input datavolume where P is the number of processors. However, to sup-port load balancing, we assign each processor multiple sub-volumes (blocks), interleaved over the entire volume. Classi-fication and re-classification by the user will result in differentwork loads per block. By assigning multiple blocks per proc-essor, better load balancing is achieved. Karia [13] imple-mented a very similar data decomposition on the FujitsuAP1000 for a parallel ray casting modification of the Ma, et al.algorithm [17]. He claims almost 50% improvement vs. 1block per processor. We have not specifically analyzed theimprovement in our approach. Adynamic approach was takenby Neumann [21] which involved copying additional data toeach processor and adjusting the volume partition boundariesbetween the processors. The adjustment is based on the render-ing times from the previous frame for all processors. This ap-proach could easily be adapted to our implementation. Ourgoal, though, was to obtain a working test-bed for scientificuse rather than specific optimization for load balancing.In general, the local processor’s splatting operation is no dif-ferent than a sequential splatting algorithm. However, there isone important difference. The screen space projection of asplat block does not stay within its own boundary per se. Thisis because of the filter applied during the splatting process.Typically, the filter used has a width that extends anywherefrom 20% to 70% into the adjacent voxel. Westover visuallyshows that a filter of size 160% of the voxel produces very satisfying results. As shown in Color Plate 2, the filters ap-plied for the voxels on the block�s border cross over to thepixels in screen space from an adjacent block rendered in an-other processor. This must be handled in such a way that theprocessor borders in object space are not readily detected in thefinal rendering. The solution involves sharing (or in our casecopying) the border voxels from adjacent blocks. In order todo this correctly, these border voxels need to splat in such away that they contribute to the local processor’s block associ-ated screen projection pixels but not outside of that region.This screen projection is an integration of a set of parallelo-gram projections of voxel sheets. In Plate 2, two such paral-lelograms projected from the first sheet of two adjacent blocksare shown in the screen space. A red border voxel from proces-sor i will be copied to processor j but only splat within proces-sor j’s screen space projection. The same is true for the bordervoxels from processor j (such as the green voxel in Plate 2) toprocessor i’s screen space projection. Image Space DecompositionAfter each processor has splatted and composited its localblocks, the resultant images must be composited with otherprocessor’s images. These images may overlap in depth as wellas in the X and Ydirections. This final compositing phase isalso distributed among the processors. The work load involvespartitioning image space so that each processor receives mul-tiple screen space regions in which it performs final compo-siting. Multiple regions per processor helps to balance theload in this section of the algorithm. Switching from objectspace partition to image space partition requires data redistribu-tion across processors. In a distributed MPP system, communi-cation is used for data redistribution during the final compo-siting phase. Binary swap [8,17] requires synchronization ofthe processors which then alternate between compositing andcommunication. The solution we adopted avoids this synchro-nization and allows the performance for this phase to scalewith the rest of the algorithm.As shown in Color Plate 3, each processor sends the imageregions from its local processor to a buffer on a "compositing"processor which performs final compositing. The three proc-essors on the left have created the three sub-images. We illus-trate the image space decomposition with colored square regionlines where the arrows indicate one particular image region thathappens to overlap all three processors. This image region islater composited by the compositing processor to form thefinal image region on the right. Rather than waiting until alllocal rendering of all blocks is completed, we utilize asynchro-nous one-sided communication during this rendering. Recallthat each processor has multiple volume blocks to render in thefirst stage. After a block has been rendered locally, the sub-image is then broken up into the corresponding screen spacedecomposition and each image region is sent to the appropriateprocessor for later compositing. One-sided communicationfacilitates this without the receiving processor involved. Afterall processors are finished rendering all local blocks, the proc-essors turn their attention to final compositing. In otherwords, each processor now becomes a compositing processor.Note that all communication has already occurred because theimage regions were sent during the rendering stage and no wait-ing or synchronization is required. More importantly, thecommunication is interleaved with other processors’ rendering,which results in less network contention than if all communi-cation would occur at the end. This communication is discussedin detail below.CommunicationAs soon as a processor is finished rendering a block, it sendsthe individual final compositing regions off to the appropriatepre-assigned "compositing" processor, and then it proceeds torender the next block. In order to save memory and communica-tion, we only send the valid pixels in an image region by put-ting a bounding box around the relevant data. The one-sidedcommunication is accomplished using the Cray shmem librarywith the shmem_put call. Other manufacturers are implement-ing this type of mechanism and it is already part of the newMPI-2 standard [20]. Shmem_put involves a non-coherentDMA write to another processor�s memory. All that is neces-sary is that the memory be available on the remote processorand consistent so that both processors know about it. How-ever, with this approach, there is a complication if more thanone processor needs to send data to a given compositing proc-essor simultaneously. This is remedied by a semaphore mecha-nism. Each processor maintains a pointer to the memory bufferwhere the image region data will be put onto the remote com-positing processor. The pointer is updated to point to the nextavailable location by a remote processor using an atomic op-eration. The CRAY shmem_swap routine is used to implementthis atomic operation. Once the pointer has been updated, theimage region can be put to the remote processor�s memorysince there is no possible intrusion by any other processor.This one-sided communication is very fast on the T3D, particu-larly for a put operation (up to 120 MB/sec) as opposed to aget. Since it involves no overhead on the other processor,communication can be easily overlapped with computation. Infact, because the image data is not used until much later, nocache coherence need be maintained until later. Therefore, thedata is put directly into memory and not into the cache of theremote processor. Later, after all data has been put, each proc-essor flushes its cache and starts final compositing. It is truethat each processor will have to send image regions to manyothers but this communication will be spread out over time,thus reducing network contention. Also, once a put has beenexecuted, the processor need not wait until the data has arrivedat its destination so it can immediately go back to work. Shading and Iso-surface ExtractionThere are two basic methods to compute the lighting for thevolume. The first is to compute the lighting prior to renderingbased on a single eye point. This method results in shading theappropriate voxels once and as a result, when the image is ro-tated, it appears that the light rotates with the image. Multiplelights are needed so that the back side is illuminated. The sec-ond approach involves re-computing lighting for each frameresulting in a light which appears stationary. The second ap-proach is very costly even in a parallel implementation and wefound that the benefit gained was not worthwhile Therefore, weuse the first approach, but still allowing the user to interac-tively change the light. After all changes are made, the volume lighting is re-computed, the shaded voxel colors are stored, andthe image is re-rendered.Similarly, iso-surface extraction requires re-classification ofthe voxels for each iso-surface. Our approach is to let the userchoose multiple iso-surfaces up front. We then classify theentire volume prior to rendering. The user can then turn on oroff each iso-surface. Abit mask is used to encode in a voxelwhich iso-surfaces a given voxel represents. During interac-tive viewing, the appropriate iso-surface voxels are splat ac-cording to the user’s input with no extra work to choose amongthe surfaces. Of course, if the user desires to change a surfaceduring rendering, this is facilitated as well but requires the clas-sification step to be performed again. There is some error thatmay be possible using this type of encoding. The benefit tothe user though is that the error does not appear in visible arti-facts and changing iso-surfaces is quicker than re-classificationwould normally require. Of course, both shading and iso-surface extraction are performed in parallel on the local blocks.In order to calculate the gradient and splat the boundaries ofeach block correctly, we need to duplicate two sheets of voxelson each side of the block. No communication between proces-sors is required during these stages.4. WAVELET COMPRESSION ALGORITHMThe algorithm employed by this system is called Efficient Re-versible Image Compression (ERIC) [18,19] and it is based ona fast integer implementation of the wavelet transform. In thelossless mode, it can achieve compression ratios that are com-parable to or better than the best standard lossless compressionalgorithms, which do not allow for progressively accurate ap-proximations as ERIC does.There are two basic steps in the compression algorithm: for-ward Integer Wavelet Transform (IWT), in which the originalimage is decomposed into sub-images containing informationat various levels of spatial resolution; and entropy coding, inwhich the sub-images are entropy coded separately.Typically, the two-dimensional IWT is applied iteratively up ton number of levels. One level of a one-dimensional forwardIWT decomposes an image into a low-frequency sub-image anda high-frequency sub-image, both of which have lower resolu-tion. One level of a two-dimensional forward IWT is computedin two passes. First, the algorithm applies a one-level forwardIWT in the horizontal dimension, which produces one low-frequency sub-image and one high-frequency sub-image. Then,a one-level forward IWT in the vertical dimension is applied toboth of these sub-images, resulting in four sub-images: onelow-frequency sub-image and three high-frequency sub-images.Subsequent levels of decomposition are performed on the low-frequency sub-image produced by the previous decomposition.The next step, entropy coding, consists of decomposing theresulting transform sub-images according to the compressionmode. In the lossy mode, a quantized transform image is ob-tained. In the lossless mode, in addition to obtaining a trun-cated transform image, the algorithm generates l bit planes ofinformation, which correspond to l levels of approximation tothe integer transform coefficients.The quantized image and, in the case of lossless compression, lbit planes are now entropy coded separately. First, the quan-tized coefficients and bit plane information are run-length en-coded (RLE) to remove redundancy. The resulting symbols arethen used to compute a histogram and a Huffman table associ-ated with this histogram. The total number of histograms andHuffman tables generated is l+1. Finally, the run-length en-coded sequences are Huffman encoded. Decompression basically consists of performing the reverse ofthe compression operations. We may choose to decompress tothe full accuracy available in the compressed image or to alesser accuracy by decompressing up to a number of bytes or anumber of encoded levels less than the total available. Eachentropy-coded level is Huffman decoded and run-length decoded.Transform coefficients are then composed using the resultinginformation. Finally, the inverse IWT is applied to decom-press the image. One level of an inverse two-dimensional IWTcan be computed in two steps: (1) two one-level inverse IWT inthe vertical dimension, producing two integer output sub-images, followed by (2) one one-level inverse IWT in the hori-zontal dimension, producing one integer output image. Furtherlevels of the reverse IWT are again computed on the full sub-image produced at the previous level and the three high-frequency sub-images at the current level.ParallelizationData parallelism is achieved by dividing the original imageamong a number of processors and applying independent com-pression on each subarea. The number of processors employedfor compression depends on the number of spectral channels orimage planes and the minimum subblock size. Each channel iscompressed by a different subset of processors. The subset sizeis constrained by the minimum subblock size, which is

2n n·

, where n represents the total number of levels of IWTdecomposition. For this parallel implementation, the IWTuses four levels of decomposition, which gives a minimumsubarea size of 16 x 16. If the size falls below this minimum,the algorithm automatically decreases the number of levels ofdecomposition used.For each level of approximation, local histograms from all theprocessors within a channel subset are combined into a globalhistogram, which is used by each processor to build a globalHuffman table.In the lossless mode, the compression rate is applied globally,rather than locally, to control the inter-processor data-qualityvariation. Within each channel subset, each processor com-pares the desired compressed data to the bit plane sizes to de-termine the number of bit planes that can be transmitted com-pletely. For any bit plane that has to be transmitted partially,the partial amount per processor is computed based on equalrationing.The value of a IWT coefficient depends on

dn

adjacent datapoints lying along the horizontal and vertical axes centered atthe coefficient’s location:

dn n n= + -2 1

above and to the left,and

dn n n= +- -2 1 1

below and to the right, where

d0 0=

.When computing a coefficient which has fewer than adja-cent data points in any of these directions, as when close to a

boundary, a form of data extension or the equivalent has to beprovided. If the transform coefficients are quantized, an artifi-cial data extension yields a different level of loss at eachboundary between adjacent processors. This can result in unac-ceptable discontinuities if the loss is high enough.Color plate 1 shows three different images rendered by ParVox,each one accompanied by two compressed images with differentcompression ratios. All the images are compressed using eightprocessors for each channel. The compressed image qualityvaries according to image content. The more opaque and lower-frequency images such as the Atlantic Ocean temperature image,(a) to (c), and the isosurfaces for the Temperature Convectivemodel, (g) to (i), yield a better image quality at higher com-pression ratios. The more translucent and higher-frequencyimages such as the Atlantic Ocean current velocity image in (d)to (f) tend to compress less and the image quality degrades morequickly as the compression ratio increases. The subareaboundaries are clearly visible for high compression ratios,such as (c), (f), and (i).The ideal extension at a boundary between processors is anoverlapping area of height

dn

, because then coefficient valuesnear the boundary in the original area will be the same as if nosegmentation of the original data had been performed (as whenusing only one processor). Overlapping areas of height lessthan

will help smooth the transition, but a boundary maystill be visible, depending on the amount of compression. Wehave observed that the distortion is not detectable for compres-sion ratios of about 30 or less. For compression ratios of lessthan 100, one or two overlapping lines significantly reduce theboundary discontinuity.Decompression is performed sequentially and again consists ofperforming the reverse of the compression operations.5. PERFORMANCEThe speedup chart for the rendering is shown in Figure 3. Twodatasets are used for timing measurement. The ocean dataset is avolume of 640x624x37 voxels. It is a temperature dataset forthe Atlantic Ocean generated from the Parallel Ocean ModelingProgram on the Cray T3D. In this dataset, 30% of the voxelsare land and there is no value associated with the land voxels.The data is rendered as a translucent volume with a constantopacity 0.4 assigned to each voxel. Color Plate 1(a) shows animage of the Gulf of Mexico and Northwest Atlantic Oceanwhere the temperature is mapped to a spectral color map rangedfrom purple to red. The second dataset is a 128 cubic volumederived from a parallel 3-D thermal convective model. It repre-sents the normalized temperature distribution in a closed envi-ronment when one side of the cube is heated by a constant heatsource. The volume is rendered as three iso-surfaces withthreshold values 0.1, 0.3 and 0.6 as shown in Plate 1(g). Thesame color map used in the ocean data is also used for the iso-surface colors. The purple surface has a threshold of 0.1, bluesurface a threshold of 0.3, and green surface a threshold of 0.6.All three surfaces are assigned an opacity of 0.7. The volume isdecomposed into equal-sized blocks and distributed to proces-sors interleavingly. In this benchmark, four blocks are as-signed to each PE regardless of the total number of PEs. Theimage size is 512x512 and the final image is divided intosquare regions with 5 regions per PE. The rendering algorithmscales well from one PE all the way to our largest configura-tion, 256 PEs. More significant load imbalance is observed inthe ocean dataset with small number of processors due to thefact that the land voxels are grouped together in the data setand it is very likely that an entire block contains no valid data.The valid data in the iso-surfaces (with non-zero opacity), al-though more sparse, scatters more evenly in the entire dataset;thus, it has better load balancing with small number of proces-sors. The speedup curve of the iso-surface tails off more rapidlywith higher number of processors because with finer decompo-sition of the dataset and very sparse data to calculate, the loadbecomes more unbalanced.

1101001000

1248163264128256Number of PEs

Speedup

Ocean

Temperature

Linear SpeedupFigure 3. The Speedup for the Rendering AlgorithmColor Plate 4 is another example of ParVox images. This is aNorth Atlantic Ocean velocity dataset at 1/6 degree resolutionand 37 layers in depth. The same color map used in the tem-perature datset is used to represent the magnitude of the veloc-ity. The opacity of ech voxel is proportional to the voxelvalue, thus most of the image is transparent where the velocityis low. The white background is the topological map of theocean floor. The cone shaped eddies are evident flowing fromthe equator to the Gulf of Mexico. A five year animation isavailable in the CDROM.

13612244896192Number of PEs

Linear Speedup

CompressionFigure 4. The Speedup for the Compression AlgorithmFigure 4 shows the speedup curve for the ERIC compressionalgorithm. Unlike the rendering algorithm, this algorithmdoes not scale well with more than 24 processors. The poorspeedup performance is due to the fact that two steps in the

entropy coding process are not scalable: histogram generation,which requires a global operation, and Huffman table genera-tion, which is not parallelized. Global histogram generationtime increases slightly with increasing number of processorsand the time to generate the Huffman table remains constant.With more than 24 processors, these two times become domi-nant contributors to the entropy encoding time, which itselfbecomes the main contributor to overall compression time.Both the compression time and the decompression time de-crease slightly with the increase of the compression ratio. Ittakes about 0.1 seconds to compress a 512x512 RGB imageusing 96 processors (with 32 processors per color channel) andabout 0.2 seconds using 3 processors (one processor per chan-nel) for compression ratios 15 or above. The decompressiontime measured on an SGI Indigo2 drops from 0.6 seconds for alow compression ratio to about 0.3 seconds for compressionratios greater than 15. It is noted that the decompression speedis much slower than the compression speed, thus becoming thelimiting factor of this algorithm. In this example, the maxi-mal frame rate that can be displayed is about 3.3 frames persecond.

0%10%20%30%40%50%60%70%80%90%100%

1248163264128256Number of PEs

Percentage

Compression

Global Compositing

Communication

Local Compositing

SplattingFigure 5. Timing Distribution of the entire rendering processFigure 5 shows the timing distribution of an average renderingcycle. A rendering cycle is measured on the Cray T3D withoutthe image transmission, decompression, and display time.Splatting takes about 75% of the total rendering time regard-less of the number of processors. Local compositing is thetime to composite each sheet of a processor�s local block in afront-to-back order. This is part of each processor�s localsplatting process. A block is splatted into a sub-image aftersplatting and local compositing. The sub-image is then parti-tioned into image regions and sent to the destination processorfor final compositing. The communication time is the time tosend the image regions to their destination. The time is verysmall because the measurement only includes the time to actu-ally make the call. We did not add any additional time to makesure the message was received since communication overlapswith computation in our algorithm. The communication doesincrease in percentage with the increase of the number of proc-essors. That is because with finer decomposition of the objectspace and the image space, more smaller messages get sent andthe average depth of the final compositing increases. Finalcompositing was very small in proportion to the entire render-ing. The reason for this is that each processor only has to dealwith several regions of the screen space and the depth complex-ity corresponding to those regions is very low compared to thenumber of sheets that are composited locally during the splat-ting phase. The image compression does not scale well withmore than 32 processors. It becomes a significant portion(20%) of the total rendering time with 256 processors. Thissuggests that compression should be separated from the render-ing processor and functional pipelining should be used to over-lap the two modules as we proposed in Figure 1.We measured the end-to-end rendering time from the GUI for theabove two datasets. Figure 6 shows the timing results in sec-onds from 4 PE to 256 PEs. The end-to-end rendering time in-cludes the time for GUI to send the render command to the net-work interface, the time for the network interface program tobroadcast the command to all the rendering processors, thetime to send the compressed image from the T3D, via the YMPfrontend, and the long-haul Internet to the GUI on the local SGIIndigo2, and the time for the GUI to decompress and assemblethe image and display it to the X Window. The overall over-head is about 0.37 seconds per frame regardless of the numberof processors being used. This overhead is very significant forinteractive visualization. Although we can pipeline the render-ing, compression, data transmission, and decompression proc-ess, we still have to suffer a big latency for interactive view-ing.4 PE8 PE16 PE32 PE64 PE128 PE256 PEOceanDataset14.49.095.563.511.671.581.09ThermalData7.214.472.601.601.310.990.89Figure 6. The end-to-end rendering time in seconds6. CONCLUSIONIn this paper, we presented a parallel volume rendering system,ParVox, for remote visualization of time-varying, multiple-variable 3-D scientific datasets. A parallel splatting algorithmwith both static object space and static image space decompo-sition was designed and implemented on the Cray T3D usingthe shmem library. An asynchronous image compositingscheme which can be fully overlapped with the splatting proc-ess reduced the communication overhead to a minimal extend.We also proposed a system architecture for an integrated appli-cation/rendering system and presented our implementation ofsome key components in this architecture. ParVox is still far from mature as a general purpose visualiza-tion tool. We need to improve the end-to-end rendering speed,enhance the functionality, increase its portability, and designthe functional pipeline interface. In the visualization pipeline, the slowest module will be theone that determines the frame rate. In a distributed system withlow bandwidth links, such as ISDN or long-haul Internet, thedata transmission will be the slowest part, thus it is beneficialto use ERIC to get high compression ratio and reduce thetransmission time. However, for low compression ratios, itmay be more beneficial in terms of speed to use other compres-

sion algorithms, such as zlib used in [25] and RLE with framedifferencing used in PGL [5]. They are both loseless algorithmswith compression ratio less than 10. These types of compres-sion algorithms result in a better end-to-end performance whenusing a relatively fast network, such as ATM or Ethernet.Therefore, we also would like to incorporate different types ofcompression algorithms into the ParVox system and be able toselect the proper algorithm based on the network speed and thelocal workstation speed.ParVox is still missing some important functionalities in orderto make it a more versatile tool, such as slicing, arbitrary clip-ping planes, and vector field visualization. We also would liketo port ParVox to MPI-2 using its one-sided communicationAPI. Once it is complete, we can define a generic applicationinterface to support the functional pipelining among multiplepartitions of an MPP machine or across multiple MPP plat-forms. ACKNOWLEDGMENTThe work presented in this paper was jointly sponsored by theNational Aeronautics and Space Administration (NASA), HighPerformance Computing and Communications (HPCC) ProgramEarth and Space Science (ESS) Project, and the SGI/Cray PATPProgram. Access to the Cray T3D computer was provided by JetPropulsion Laboratory. We would like to thank Yi Chao andPing Wang for providing us the Atlantic Ocean temperaturedatasets and the 3-D thermal convective dataset, respectively.REFERENCE [1] �AHPCRC Graphics Software: Icol�, http://www.arc.umn.edu/gvl-software/icol.html.,1995. [2] James Blinn, �Models of Light Reflection for ComputerSynthesized Pictures�, Proceedings of Siggraph 1977. [3] Emilio Camahort, Indranil Chakravarty, �Integrating Vol-ume Data Analysis and Rendering on Distributed MemoryArchitectures�, Proceedings of 1993 Parallel RenderingSymposium, pp. 89-96. [4] Brian Corrie and Paul Mackerras, �Parallel Volume Render-ing and Data Coherence�, Proceedings of 1993 ParallelRendering Symposium, October 1993, pp. 23-26. [5] Thomas Crockett, �Design Considerations for ParallelGraphics Libraries�, ICASE Report No. 94-49 (NASA CR-194935). [6] Thomas Crockett, �Beyond the Renderer: Software Archi-tecture for Parallel Graphics and Visualization�, Proceed-ings of First Eurographics Workshop on Parallel Graphicsand Visualization, September 1996, pp. 1-15. [7] T. Todd Elvins, �Volume Rendering on a Distributed Mem-ory Parallel Computer�, Proceedings of Visualization �92,1992. [8] Chuck Hansen, et. al., �Binary-Swap Volumetric Renderingon the T3D�, Proceedings of the Cray Users Group 1995Spring Conference, March 1995, pp. 61-69. [9] W. Hibbard and D. Santek, �The VIS-5D System for EasyInteractive Visualization�, Proceedings of 1990 IEEEVisualization Conference, pp 28-35.[10] William M. Hsu, �Segmented Ray Casting for Data ParallelVolume Rendering�, Proceedings of 1993 Parallel Render-ing Symposium, pp 7-14[11] A.S. Jacobson, A.L. Berkin, and M.N. Orton,�LinkWinds: Interactive Scientific Data Analysis andVisualization�, Communications of the ACM, Vol.37,No.4, April 1994, pp. 42-52.[12] Greg Johnson and Jon Genetti, �Medical Diagnosis usingthe Cray T3D�, Proceedings of 1995 Parallel RenderingSymposium, pp 70-77[13] Raju J. Karia, �Load Balancing of Parallel Volume Render-ing with Scattered Decomposition�, Proceedings of the1994 Scalable High Performance Computing Conference,Knoxville, TN, May 1994.[14] Philippe Lacroute and Marc Levoy, �Fast Volume Render-ing Using a Shear-Warp Factorization of the ViewingTransformation�, Proceedings of SIGGRAPH �94,[15] Philippe Lacroute, �Analysis of a Parallel Volume Render-ing System Based on the Shear-Warp Factorization�, IEEETransactions on Visualization and Computer Graphics,Vol. 2, No. 3, September 1996, pp 218-231.[16] Marc Levoy, �Display of Surfaces from Volume Data�,IEEE Computer Graphics and Applications, Vol. 8, No. 3,May, 1988, pp. 29-37.[17] Kwan-Liu Ma, et. al. �A Data Distributed, Parallel Algo-rithm for Ray-Traced Volume Rendering�, Proceedings of1993 Parallel Rendering Symposium, pp 15-22[18] Eric E. Majani. �ERIC: An Algorithm for Efficient Re-versible Image Compression�, JPL New Technology Re-port 20141/9777, January 1997.[19] Roberto Mendoza, et. al. �A Prototype Distributed Visu-alization System�, JPL New Technology Report20137/9773, http://www-msim.jpl.nasa.gov/HPCC/Vis/report.html, January 1997.[20] MPI Forum, �MPI-2: Extensions to the Message-PassingInterface�, http://www.mcs.anl.gov/mpi/mpi2/mpi2-report/mpi2-report.html.[21] Ulrich Neumann, �Volume Reconstruction and ParallelRendering Algorithms: A Comparative Analysis�, Ph.D.Dissertation, UNC Chapel Hill, 1993.[22] Jason Nieh and Marc Levoy, �Volume Rendering onScalable Shared-Memory MIMD Architectures�, Proceed-ings of 1992 Workshop on Volume Visualization, Oct.1992, pp. 17-24.[23] James S. Painter, �Mantle Convection Visualization onthe Cray T3D�, Proceedings of Visualization �96, October1996, pp. 409-412.[24] R. K. Rew and G. P. Davis, �NetCDF: An Interface for Sci-entific Data Access�, IEEE Computer Graphics and Appli-cations, Vol. 10, No. 4, July 1990, pp. 76-82.[25] Joe Welling, �Vfleet User�s Guide�, http://www.psc.edu/general/software/packages/vfleet/development/vfleet.html.[26] Lee, Westover, �Interactive Volume Rendering�, Proceed-ings of Chapel Hill Workshop on Volume VisualizationWorkshop, May 1989, pp. 9-16.[27] Lee Westover, �Footprint Evaluation for Volume Render-ing�, Computer Graphics, Proceedings of Siggraph, Vol.24, No. 4, August 1990, pp. 367-376.[28] Scott Whitman, Peggy Li, and James Tsiao, �Volume Ren-dering of Scientific Data on the T3D�, Proceedings of theCUG 1996 Spring Conference, March 1996.

ParVox -- A Parallel Splatting Volume Rendering System for Distributed VisualizationP. Peggy Li, Scott Whitman, Roberto Mendoza, James Tsiao

ParVox -- A Parallel Splatting Volume Rendering System for Distributed VisualizationP. Peggy Li, Scott Whitman, Roberto Mendoza, James Tsiao

Block A (PE i)Block B (PE j)Overlapped Sheets

xyzview directionScreen Space

first sheetFirst SheetBlock AFirst SheetBlock BProjected parallelograms

Object SpaceProjected footprints for the boundary voxels

The red area will be calculated by PE i forboth red and green voxels, and the green area will be calculated by PE j.

Plate 2. Overlapped splatting of block boundary voxelsPlate 3: Final Compositing ProcessPlate 4. Ocean Velocity with Ocean Floor topological map